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To my family 




Preface 



Ever since I learned to fly airplanes, 1 am passionate about long-distance 
gliding in the Alps. Every time 1 take off in the early morning, 1 never know 
exactly which challenges 1 will have to overcome during the day. Especially 
the weather conditions are constantly changing, making it impossible to 
forecast even the thermal behind the next mountain range with certainty. 
Despite this lack of information, 1 have to decide whether it is worthwhile 
to "jump" over the ridge into the next valley towards my target. To obtain the 
experience how to instantly study the new conditions, reassess the previous 
plan, and adjust the route accordingly was a tough process, ending several 
times in an acre instead of my home airport. But most other times, when it 
worked out, 1 was rewarded with great moments and majestic impressions. 

New product development projects resemble long-distance flights in 
many aspects. They are also exposed to numerous uncertainties and re- 
quire continuous adjustments of the development efforts in order to success- 
fully launch the product. While decision making during a flight is relatively 
straightforward and can be based on experience, it is far more complex for 
development projects. The basic principle, however, remains the same. Ad- 
ditional information obtained during the process has to be considered in 
the decisions for the remaining periods. Although this process is intuitive 
and follows the natural way of making decisions, it has hardly been for- 
malized for development projects so far. It became the goal of this work 
to develop a decision model that explicitly takes information updates into 
account in order to better manage uncertainty. 1 hope it will be instrumental 
to managers and academics alike when facing difficult decisions in complex 
new product development projects. This work was submitted in fulfillment 
of the requirements for the doctoral degree at WHU, Otto-Beisheim School 
of Management, in the department of Production Management, chaired by 
Professor Dr. Arnd Huchzermeier. 
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Introduction 



1.1 Motivation and Problem Definition 

At the beginning of the 21st century, the effects of the proceeding globaliza- 
tion are clearly visible. Almost every company in one of the old, established 
economies is affected by it and faces increased competition. While these 
firms competed in fairly stable markets against known rivals for a long 
time, the pattern has significantly changed over the last decade. Companies 
in emerging markets are increasingly becoming capable of producing goods 
at comparable quality, but at significantly lower costs due to advantages in 
wages, taxes, or (environmental) regulations compared to their established 
competitors. Responding to these developments by outsourcing business 
processes and shifting less knowledge intensive activities like production 
or assembly to low-wage countries has only a limited, short-term effect in 
a globalized world. Companies are therefore increasingly recognizing that 
their competitive advantage rests on the capability of continuously devel- 
oping innovative products and launching them successfully in the market 
(Holman et al. 2003). 

Best performing companies are able to generate up to 50 percent of their 
sales and profits from new products (Cooper et al. 2004). However, even 
among this group of firms, most of this share results from minor new prod- 
uct development projects (NPD) such as line extensions, improvement of 
existing products, or cost reductions. Only 10 percent of their NPD projects 
belong to "new-to-the-world" true innovations although most of the firms' 
research and development (R&D) resources are generally dedicated to these 
projects (cf. e.g., Adams and Boike 2004; Cooper et al. 2004). The key rea- 
son for this low cost-benefit-ratio is the extremely high failure rate of such 
projects. Studies report an average success rate for innovation projects of 
only about two to five percent depending on the particular industry (Nuss- 
baum et al. 2005). The average for NPD projects is not significantly higher 
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Source: Griffin (1997a). 



Fig. 1.1. Failure rafe of NPD projects 



(Griffin 1997b). Almost 25 percent of all new product ideas fail during the 
initial screening phase of the NPD process before a detailed business plan 
has been developed. Another 60 percent of the further pursued concepts fail 
during the actual development process when already significant expenses 
have accrued (see Fig. 1.1). 

The reasons for the high failure rates of NPD projects are manifold. Be- 
sides organizational, process, engineering, or financial issues, it is particu- 
larly the underlying uncertainty of NPD projects which leads to unforesee- 
able obstacles during the development process and hence, to high failures 
(Sommer and Loch 2004). The uncertainty can hereby result from various 
sources, e.g., market payoffs, project budgets, product performance, project 
schedule or market requirements (Huchzermeier and Loch 2001). The lat- 
ter uncertainty has been identified as highly critical (cf. e.g., Ottum and 
Moore 1997; Mishra et al. 1996). It can be traced back to insufficient cus- 
tomer orientation and market research not only during the early phase, but 
also throughout the entire development process of a NPD project. This is 
especially important for companies in fast-paced industries (e.g., consumer 
electronics or high-tech) where it is almost impossible to forecast the re- 
quirements of potential customers precisely at the beginning of a project 
when the development goals have to be set. If, however, the market require- 
ments are not met with the launched product or a competitor introduces a 
comparable product at the same time, the potential revenues from the de- 
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velopment project shrink dramatically and hence, the entire profitability of 
the project is threatened. The timely identification and evaluation of such 
market trends in order to update and revise initial goals during the devel- 
opment process is therefore the key to reduce (market) uncertainty in NPD 
projects (Atuahene-Gima 1995). 

Although information updating is a well-known method for uncertainty 
reduction in the field of decision theory (cf. e.g., Berger 1985), it has hardly 
been applied in the area of NPD. Much of the steadily increasing research in 
product development and innovation management has been conducted in 
fields like organizational science, marketing, industrial design, engineering, 
accounting, or strategy (Ulrich 2001). The focus in these areas has primar- 
ily been on organizational and cultural success factors, on the development 
process and its improvement, the study of strategic issues like project or 
technology selection, or the identification of customer needs. Relatively lit- 
tle research attention has yet been paid to quantitative models that address 
the characteristics of NPD projects, like the effect of different sources of 
uncertainty on the value of managerial flexibility or the reduction of uncer- 
tainty through information updates. Although empirical research stresses 
the need for more formal and quantitative models to better manage the in- 
volved uncertainty in the development process of new products (cf. e.g., 
Mahajan and Wind 1992), the development of such models has not been a 
major theme in disciplines like management science or operations manage- 
ment (Wind and Mahajan 1997; Krishnan and Loch 2005). Only recently, the 
number of quantitative models for decision making in the area of product 
development seems to increase (Krishnan and Ulrich 2001). 

One reason for this trend is the growing recognition that some of the 
NPD problems are similar to those already addressed in other areas of oper- 
ations management, like supply chain or risk management for example (Se- 
shadri and Subrahmanyam 2005; Loch and Terwiesch 2005). Hence, some of 
the developed concepts and methods for these problems, like the informa- 
tion updating approach, might also be applicable to product development 
projects. For example, the above described problem of making development 
decisions in the presence of high uncertainty about the customers' perfor- 
mance requirements has analogies to supply chain management decisions 
under demand uncertainty (e.g., Fisher and Raman 1996; Eppen and Iyer 
1997). There, management faces the following challenge: In industries with 
long lead times, like the fashion industry for example, retailers have to place 
their orders far ahead of the selling season. Thus, at the ordering point in 
time, they experience great uncertainty about the actual demand. Order- 
ing too little results in unsatisfied demand and hence, lost profit, while too 
much inventory at the end of the season requires costly markdowns. An 
optimal response to the uncertain demand based on traditional forecasting 
methods is hard to achieve. To improve the situation for the involved mem- 
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Fig. 1.2. Managerial trade-off: Uncertainty reduction vs. cost of design changes 



bers in the supply chain, so-called Quick Response (QR) models have been 
developed which allow to postpone some orders until more demand infor- 
mation becomes available. More specifically, the retailer places a first order 
that is produced at relatively low costs far ahead of the selling season based 
on best estimates. Later on, when information regarding the actual demand 
can be gathered from related items or from orders placed at fashion shows, 
this information can be used to update the initial demand estimates and 
adjust the more expensive second order quantity. 

This decision problem closely resembles the ones occurring in NPD 
projects where the company has prior to the start of the project high un- 
certainty about the actual market requirements. Management has therefore 
to base its decisions about the product specifications or the appropriate de- 
sign on available market studies, forecasts, or best estimates. It is in the 
nature of such information that it is not very precise at this point in time. 
But as the development project progresses, additional information becomes 
available or can be generated (by additional market studies for example) to 
update the prior beliefs and to adjust or revise earlier decisions. This infor- 
mation gain, however, is opposed to the cost of design changes that gener- 
ally increase significantly over time (e.g., Zangwill 1992). Thus, as Fig. 1.2 
depicts, the trade-off is - similar to the one in the QR models - to make 
either an early decision at relatively low cost but with little information or 
to wait until more information becomes available at the expense of higher 
cost (Loch and Terwiesch 2005). This decision problem comprises questions 
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like the optimal timing of an information update, its value, and the optimal 
managerial response to the obtained information gain. 



1.2 Research Objective and Modeling Approach 

This thesis addresses the described problem of decision making under un- 
certainty in NPD projects by developing a general valuation model that 
takes the managerial flexibility into account to respond to two sources of 
uncertainty: Firstly, technical uncertainty stemming from the performance 
variability of the project. It represents the uncertainty whether the initially 
targeted product performance can actually be met. To respond to these un- 
foreseen contingencies, we assume that management has the choice between 
three possible actions at each review point of the project: Besides simply 
continuing the project, the company can either improve the performance by 
investing additional resources or abandon it if any further investments are 
not justifiable. Secondly, we further explicitly consider market uncertainty 
in form of market performance requirement variability in the model. Man- 
agement has the possibility to reduce this type of uncertainty by acquiring 
additional information during the development process and hence, to up- 
date its initial forecasts. The optimal managerial policy can then be adjusted 
to the updated estimates of the market performance requirements. 

The possibility to reduce uncertainty and respond accordingly by ad- 
justing the optimal managerial actions has substantial value. Real options 
theory provides a rigorous and well-known framework to evaluate such 
projects with operational flexibility (cf. e.g., Dixit and Pindyck 1994; Tri- 
georgis 1996). However, most real options models only value the existing 
options of a project at different review points. They do not explicitly take 
the value of additional information into account since they regard the incor- 
poration of information as a consequence of the project progression (Miller 
and Park 2005) and not as an active possibility to enhance the decision basis 
and thus, the project value. To also consider the latter possibility of a man- 
agerial response, we derive a general Bayesian updating formulation for the 
above described market requirement information that takes the characteris- 
tics of NPD projects into account and integrate this mechanism into a real 
options valuation framework. 

With this approach, we provide - to the best of our knowledge - the 
first decision framework that combines statistical decision theory in form 
of Bayesian analysis with a real options framework for NPD projects. The 
developed model allows to determine the value of projects that are exposed 
to the above mentioned sources of uncertainty. In addition, the value of an 
information update, the (in expectation) optimal updating point in time as 
well as the optimal managerial decisions in response to this uncertainty re- 
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duction can be determined. This analysis allows to explore the conditions 
under which an update is beneficial and to study the effects of the informa- 
tion update on the optimal managerial policy over the entire development 
process. Simultaneously, the benefit of higher initial investments in design 
flexibility, which reduce the later costs of corrective actions, can be analyzed 
and a threshold value for these investments derived. With this framework 
and the derived insights from its analysis, the thesis contributes to close the 
above mentioned gap of information updating methods in NPD decision 
models as well as the general lack of quantitative methods in this area. It 
thus takes a step forward enhancing the valuation and the management of 
the increasing uncertainty in product development projects. 



1.3 Structure 

The remainder of the thesis is structured as follows: In Chapter 2, we re- 
view the relevant literature which includes new product development, real 
options analysis, and decision theory. We summarize the key contributions, 
discuss their implications for our research objective, and identify aspects in 
which our approach differs from the existing ones. Chapter 3 contains the 
formulation of our valuation model. We start with the presentation of a real 
options model which, with some modifications and extensions, builds the 
basis for our framework. Then, the second cornerstone in the development 
of our model, the information updating mechanism, is introduced by deriv- 
ing a general Bayesian updating formulation for our problem setting. We 
explicitly model the update of the mean, the variance, and both, the mean 
and the variance of the normally distributed market performance require- 
ment distribution. In the last section of this chapter, we combine these two 
concepts and develop the overall valuation model. At each of these steps, 
we also derive, in addition to the one-dimensional performance parameter 
case, the multidimensional model formulation in order to ensure the practi- 
cal applicability of our framework. 

In Chapter 4, we analyze our model and derive properties in closed form, 
which include the impact of an information update on the project value and 
the conditions under which it will be most beneficial to obtain additional 
information for such an uncertainty reduction. In Chapter 5, we resort for 
those characteristics which elude an analysis in closed form to a numerical 
study that is based on a real-life NPD investment project. This analysis in a 
comparative static manner provides insights on the change of the optimal 
managerial policy compared to the basic decision model if a later updating 
possibility is considered. In addition, it illustrates the impact of cost struc- 
ture changes to facilitate late development changes and, by relying on real 
data, simultaneously demonstrates the practical applicability of our model. 
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Finally, Chapter 6 summarizes the main findings, discusses key contri- 
butions to the current research in this field, and provides clear managerial 
insights. In this conclusion of our study, we further discuss possible exten- 
sions of the developed model and identify directions for future research. 




2 



Literature Review 



As indicated in the preceding chapter, our research builds on concepts that 
have been developed in previously unlinked areas. We therefore have to 
draw on different strands of literature that can be subsumed under the fol- 
lowing categories: new product development, decision models with infor- 
mation updating, and real options theory. 

This chapter surveys these literature strands and reviews the relevant 
concepts and theories. We start with the literature on new product devel- 
opment, providing an overview of key development project characteristics 
as well as the success factors identified by empirical studies. Thereafter, 
decision models with information updating possibilities are reviewed. Be- 
sides giving an overview of the relevant information updating modeling 
approaches, we study corresponding decision frameworks developed in dif- 
ferent areas of operations management and discuss their applicability to our 
research objective. Finally, the key concepts of real options theory are pre- 
sented, including different valuation methods and insightful frameworks 
for research and development applications. 



2.1 New Product Development 

This section presents the key characteristics of new product development 
projects and reviews the (empirical) literature with respect to identified 
challenges as well as success factors of managing the project inherent un- 
certainty. The literature on this topic is vast since it encompasses market- 
ing, engineering, strategic, as well as organizational and behavioral aspects. 
Given our research objective, we will thus primarily focus on uncertainty re- 
duction and information generation related approaches from an operations 
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Fig. 2.1. Stage-gate development process 



management perspective.^ The obtained insights will highlight the need for 
quantitative decision models in order to enhance the understanding and the 
management of uncertainty in the area of NPD. In addition, they will illus- 
trate the basic characteristics of NPD projects underlying our framework. 

2.1.1 NPD Process Characteristics 

The development of a new product generally comprises all activities start- 
ing with the identification of a market opportunity and ending with the 
launch of the product into the market. It is therefore more specific and tar- 
geted than general research activities (cf. e.g., Brockhoff 1997a, p. 35 ff.). The 
generic process of NPD is a sequential approach driven by the chronological 
progression of development tasks. The first formal schemes, today often re- 
ferred to as the phased review process, elaborate on the physical sequence 
and brake up the development activities in discrete phases, each ending 
with a review point where decisions about the further progression and its 
funding are made (Cooper 1994). Thus, this formal process has almost solely 
a project management focus on the engineering activities in order to ensure 
the completion of the project on time, within specification and budget. It 
further addresses only technical risks and ignores relevant tasks in market- 
ing or finance as well as any interactions between these different functional 
disciplines. 

These deficiencies have been addressed in the so-called stage-gate pro- 
cess models (Fig. 2.1). Resembling somewhat the phased review process, 

^For a more general overview of the product development literature, the inter- 
ested reader is referred to excellent reviews of Krishnan and Ulrich (2001) (deci- 
sion making), Griffin and Hauser (1996) (marketing aspects). Brown and Eisenhardt 
(1995) (organizational perspective), Montoya-Weiss and Calantone (1994) (environ- 
mental and contextual variables), or Ernst (2002) (general success factors). 
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they also break the NPD process up into a predetermined set of stages with 
predefined checkpoints (gates). The difference to the previous models is that 
each stage comprises clearly prescribed cross-functional and parallel activi- 
ties. The gates after each stage contain deliverables for each functional area 
that the project must pass in order to proceed to the next stage. Typically, be- 
tween four to six stages are found in industry (Cooper 1994). The first stage, 
planning, builds upon advanced research and development activities by in- 
vestigating the market potential of the product concept, exploring possible 
product architectures and manufacturing methods, as well as conducting 
financial studies. The results of these analyses build the basis for the busi- 
ness case of the project which sets the aimed project specifications, defines 
the required tasks, and describes the budget and schedule constraints. After 
the formal approval of the project, these aspects are refined and further ex- 
plored during the concept development stage before the actual design activ- 
ities are started (system- level design phase). Over several building, testing, 
and reworking iteration cycles, the product advances, reaches manufactura- 
bility, and finally, during the production ramp-up stage, the readiness to be 
launched into the market. 

By integrating all involved departments into the development process, 
the stage-gate model is highly cross-functional, has a strong market orien- 
tation, and fosters a holistic assessment of the NPD project over the entire 
process. Besides technical aspects, management is thus urged to also assess 
market, financial, and legal aspects of the projects on an ongoing basis. In 
addition, with precisely defined deliverables and clear go /no-go decision 
criteria at each gate, this approach encourages task completion and decision 
making. It thus builds the basis to deal effectively with market and technol- 
ogy uncertainty surrounding NPD projects (Lint and Pennings 2001; Griffin 
and Hauser 1996). 

To further increase the efficiency of the stage-gate process, several re- 
finements of this approach have been proposed focusing on speed, flexibil- 
ity, and more efficient allocation of development resources. Takeuchi and 
Nonaka (1986), for example, stress the need for addressing the continu- 
ous interactions between the members of the multidisciplinary team and 
the parallel processing of tasks in the development process. Their process 
has therefore overlapping stages where operational decisions are incremen- 
tally made within the teams. Strategic decisions of the project, however, are 
delayed for a more flexible response to market changes. Similarly, Cooper 
(1994) proposes fluid and overlapping stages to shorten cycle and develop- 
ment times and to account for parallel development efforts like concurrent 
engineering. In this process, the gates are not fixed anymore, but fuzzy in 
order to allow for conditional and situational decisions. This avoids, for ex- 
ample, project delays when certain (minor) criteria in a functional area are 
not met. In other words, the so-called third-generation processes propose 
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higher flexibility to address the project specitic development characteristics 
and to account tor the inherent uncertainties. Most companies have inte- 
grated such flexibility in different degrees into their conventional stage-gate 
processes. 

But regardless ot the degree ot flexibility, parallelism, or tuzziness ot the 
activities and gates, the in principle sequential nature ot the major tasks 
and building blocks remains and requires still - it not even more - precise 
valuation criteria tor go/no-go decisions. The development process thus 
evolved trom a pure project management driven description ot design ac- 
tivities to an information processing (Levitt et al. 1999; Loch and Terwiesch 
1998) and risk managing system (Riek 2001; Biiyiikozkan and Feyzioglu 
2004). From the latter perspective, the process starts with the identitication 
ot various risk tactors, their evaluation, and prioritization. As the project 
progresses, however, these risks are generally reduced as uncertainty grad- 
ually resolves with technical problems being solved and more information 
about the market, e.g., customer requirements, sales volume, competitive 
environment, etc., is becoming available (Ulrich and Eppinger 2004). Thus, 
information generation and processing is highly linked with managing the 
project inherent risk. 

2.1.2 Types of Uncertainty and Possible Responses 

Development projects are exposed to numerous uncertainties. They can gen- 
erally be traced back to the following sources: market, technical, resource, 
and schedule uncertainty (cf. e.g., Souder and Moenaert 1992; Huchzer- 
meier and Loch 2001; Ulrich and Eppinger 2004, p. 20 f.). Market and tech- 
nical uncertainty are often regarded as the most decisive ones while budget 
and/or schedule overruns are either induced by the former two sources 
of uncertainty or arise from managerial or organizational deficiencies. In 
the following, we therefore will solely concentrate on the former. Market 
uncertainty comprises, for example, customer requirements, moves of com- 
petitors, market size, or pricing. Technical uncertainty, on the other hand, 
relates to aspects like technology selection, design and product architecture, 
or the definition of product specifications. The overall degree of uncertainty 
is of course highly project specific and depends on aspects like the degree 
of innovation, selected technology, project duration, or the characteristics of 
the target market. Independently thereof, the overall uncertainty is gener- 
ally highest in the early stages of the development process, often called the 
fuzzy front end, when the customer requirements and other market char- 
acteristics are still too ambiguous and many technical details have not yet 
been resolved (Dahan and Mendelson 2001; Schroder and Jetter 2003). In 
presence of such uncertainty, management has to adjust its development 
efforts accordingly. 
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Numerous approaches have been developed to respond to these uncer- 
tainties with appropriate concepts and frameworks. From a project manage- 
ment perspective, a well-defined and consequently implemented develop- 
ment process facilitates, as indicated above, the management of uncertainty. 
The precisely described tasks and valuation criteria at the different decision 
gates ensure that the project only progresses if all necessary issues have been 
sufficiently addressed. Several empirical studies stress that an implemented, 
formal development process is a key success factor for NPD projects ex- 
posed to (high) uncertainty (e.g., Griffin 1997b; Cooper and Kleinschmidt 
1995, 1996). With respect to the uncertainty the project is exposed to, it is 
essential to adapt the generic development process accordingly to the firm's 
and the project's unique context and to choose an appropriate development 
strategy (cf. Ulrich and Eppinger 2004, p. 18. ff.). 

Technical uncertainty can be reduced, for example, by exploring mul- 
tiple solution paths in parallel. It is an expensive, but effective approach 
to ensure that one of the developed solutions succeeds and is therefore 
well suited for projects exposed to high technical uncertainty as Srinivasan 
et al. (1997) show. They provide empirical evidence that parallel prototyp- 
ing resolves significant uncertainty in the mid to late stages of the NPD 
process. Dahan and Mendelson (2001) indicate that parallel development is 
also valuable in the early phases, i.e., to pursue multiple concepts in par- 
allel and select the best design at a later stage. Postponing the finalization 
of the project specifications may be particularly beneficial in dynamic en- 
vironments as Bhattacharya et al. (1998) stress. Where such an approach is 
either not applicable or too costly, an iterative development process with 
rapid design-build-test cycles may allow to resolve technical uncertainties 
in a fast and efficient manner (Thomke 1998; Smith and Eppinger 1997). Be- 
sides adapting the development approach to the technical problem setting, 
the project itself can be adjusted and setup in such a way that the inherent 
technical uncertainty is already a priori reduced. Decreasing the complexity 
by reducing the number of new parts or the diversity of applied core tech- 
nologies lowers the technical development uncertainty and hence, increases 
the project success rate as Murmann (1994) as well as Meyer and Utterback 
(1995) empirically demonstrate. 

Market uncertainty, on the other hand, can on a conceptual basis be re- 
duced by shortening development lead time (Shelley and Wheeler 1991). 
A prominent approach therefore is the already mentioned parallelization of 
development tasks through implementation of concurrent or simultaneous 
engineering (Krishnan et al. 1997). With the reduced time span between the 
start of the development activities and the market launch when most of 
the uncertainty is resolved, a shorter time horizon has to be overlooked and 
hence, certain trends may already be observable at this project stages. A high 
development flexibility to address late market requirement changes and to 
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postpone the final specification of the product is another approach to re- 
spond to uncertainty stemming from the market side. This can be achieved, 
for example, through a modular product architecture (Ulrich 1995; Krish- 
nan and Bhattacharya 2002). 

In case of extremely high uncertainty in NPD projects, so-called unfore- 
seeable uncertainty, which prevents to recognize the relevant influence vari- 
ables and hence, to plan ahead of time, the only two fundamental strategies 
are trial and error learning and selectionism (Pich et al. 2002). The former 
strategy tries to flexibly adjust project activities to new information as it be- 
comes available at the costs of failures and project delays. Selectionism, on 
the other hand, involves pursuing several approaches in parallel and inde- 
pendently of one another and selecting the best one ex post. The costs of 
this strategy are also very high due to parallel activities (including bound 
resources) as well as forgone profits due to elimination of product variants. 
Sommer and Loch (2004) show that in presence of unforeseeable uncertainty 
and poor testing possibilities, trial and error learning should be preferred 
over selectionism. In case of perfect testing opportunities, both strategies 
offer equal results. 

The extremely high costs of both approaches limit their practical appli- 
cability on NPD cases where uncertainty is completely unforeseeable. As 
stated before, such an uncertainty holds only true for a diminishing num- 
ber of NPD projects. In most other cases, however, the influenceable vari- 
ables and their functional relationship are known. Thus, less expensive ap- 
proaches can be applied to reduce uncertainty. For these projects, which are 
also in the focus of our model, the timely generation and integration of in- 
formation during the development process remains key to optimal decision 
making. 

2.1.3 Information Generation and Updating 

Numerous empirical studies stress the importance of timely identifying and 
evaluating external trends in order to update and revise current project tar- 
gets during the development process. Atuahene-Gima (1995) and Mishra 
et al. (1996), for example, show that the generation of market informa- 
tion about current and future customer needs, competitive dynamics, and 
technology changes throughout the development process (and product life 
cycle) has a high impact on the future project success. These insights are 
supported by Balbontin et al. (1999), who study new product development 
success factors in American and British firms. In addition to the former 
two studies, they observe a high correlation between a company's forecast- 
ing activities and abilities (e.g., of the market potential and volume) and 
the NPD success. Finally, the findings of Cooper and Kleinschmidt (1994) 
stress the importance of observing the competitive environment in order 
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to reduce this kind of market uncertainty and hence, to timely respond to 
competitors' moves by adjusting project targets. On the other hand, there 
are several large scale numerical studies who identified inadequate market 
analysis as well as lack of appropriate market data and updates among the 
top three factors for NPD project failures (cf. e.g.. Cooper and Kleinschmidt 
1996; Little 2004). 

On the technical side, the feasibility of the selected product concept and 
architecture (Carbonell-Foulquie et al. 2004; Polk et al. 1996) as well as 
information about the development of the underlying technology (lansiti 
1995), especially for novel products, are regarded key to resolve technical 
uncertainty. Moreover, Loch and Terwiesch (1998) analytically show that 
this type of uncertainty, causing costly engineering changes, can be reduced 
through the continuous exchange of current design solutions between the 
involved development teams. The challenge is to find the optimum between 
the number of exchanges to reduce the negative effect of rework and the ex- 
pense for the communication time. Only if concurrency and communication 
are simultaneously considered, the highest possible uncertainty reduction 
and hence, the optimal time-to-market is achieved. 

The optimal method for generating such information during the NPD 
process depends on the development stage as well as on the type and degree 
of uncertainty. In the following, we will briefly survey the most important 
models and review the limited number of empirical studies that examine 
their respective effectiveness. As we will model the update of market re- 
quirement information in our decision framework, the focus will primarily 
be on methods reducing the market uncertainty. However, approaches to re- 
duce other sources of uncertainty, in particular technical uncertainty, cannot 
independently be treated of each other and will therefore be sketched first. 

In the early phase of the development process, uncertainty regarding 
the feasibility of certain technical solutions can be reduced by increasing the 
application of simulation and other virtual development techniques, e.g., 
digital mock up (DMU). Dahan and Srinivasan (2000) show that virtual pro- 
totypes are nearly as effective for concept selection and testing as physical 
ones. Where the latter are required, one can use rapid prototyping instead 
in order to obtain a physical prototype from computer models. This concept 
has proven to be an effective means to embody product concepts quickly 
and inexpensively, which enhances technical problem solving during the 
early development stages (Wall et al. 1992). The optimal prototyping and 
testing strategy as well as the optimal switch from virtual to physical modes 
depends on the inherent uncertainty and the cost of redesign (Thomke 1998; 
Thomke and Bell 2001). 

Such prototypes are also very valuable for communicating product con- 
cepts to potential customers at an early stage. Especially for very innovative 
products, early feedback is crucial for product success. The integration of 
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so-called lead users is therefore valuable (cf. e.g., von Hippel 1986; Albach 
1993, p. 275 ff.). Since these customers expect great benefits from the de- 
veloped product, they are willing to support the development process by 
bringing in their knowledge and experience or by testing early prototypes. 
The value of the obtained information depends on the degree and the point 
in time of their involvement as well as the respective incentives for them. 
With respect to time, lead user integration seems to be most valuable dur- 
ing the early stages for the evaluation of product concepts as well as during 
the testing phase (Gruner and Homburg 2000). During the design phase, 
the involvement often causes disturbances and bears the risk of addressing 
the specific lead user needs too much, thus drifting towards a niche market 
solution (Brockhoff 1997b). 

The most common means of market information generation are, how- 
ever, the traditional market research methods (Lynn et al. 1999; Zahay et al. 
2004). Besides still prevailing simple customer surveys, multi-attribute mod- 
els like conjoint analysis are the most popular methods for the identification 
of customer requirements prior to the start of the development project. The 
latter methods are used to determine the relative importance of certain prod- 
uct features by asking customers to evaluate alternative product concepts 
characterized by a set of attributes. The obtained data allows to estimate 
the potential market share of each concept in this set of alternatives and to 
derive an optimal product concept. In a similar way, quality function de- 
ployment (QFD) links customer needs to design attributes (cf. e.g., Griffin 
and Hauser 1993; Brockhoff 1999, p. 178 ff.). This method differs from the 
simple comparison of concept alternatives based on multi-attribute insights. 
QFD particularly fosters the interaction between marketing and engineering 
during the process of converting customer needs into engineering solutions. 
Thus, it also has an organizational impact. 

The problem of either method is that the customer requirements are sur- 
veyed prior to the start of development activities and that they are generally 
not updated (von Hippel 1992). Thus, problems arise if the needs change. 
This is especially the case in highly dynamic environments (Bhattacharya 
et al. 1998). In addition, customers often do not know themselves which 
products they will need at the moment of the market launch. Although 
these are known problems, hardly any study exists measuring the accuracy 
of such market studies or the reliability of the applied methods. Among the 
few, Mahajan and Wind (1992) empirically study the usage and satisfaction 
of frequently applied market research methods in NPD projects. They report 
inaccuracy (e.g., of QFD, focus groups, and life cycle models) and inability 
to capture the market complexity (e.g., of conjoint analysis or focus groups) 
as the major shortcomings of these models. Based on a sample of 168 firms, 
Kahn (2002) reports an average accuracy for market and customer forecasts 
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of about 58% over an average forecast time horizon of 26 month.^ For prod- 
ucts with a higher degree of innovation, the forecast accuracy is even lower, 
i.e., 47% for new-to-the-company and 40% for new-to-the-world products. 

Other forecast accuracy studies with a particular focus on NPD projects 
seem only to exist for sales and profit forecasts. However, these studies are 
rare and partly outdated (Gartner and Thomas 1993). Tull (1967) as well as 
Tull and Rutemiller (1968), for example, compare the actual and predicted 
sales for new products based on a sample of 53 products from 16 firms. They 
report high inaccuracy for sales as well as profit forecasts with an average 
mean error of 65% and 128%, respectively. Beardsley and Mansfield (1978) 
also find a relatively low correlation of 0.37 between initially forecasted 
and actual profits of 57 product and process innovations of a single firm. 
Finally, Shelley and Wheeler (1991) report an average ratio between actual 
and forecasted sales of 79% in the first year which continuously decreases 
to 41% in the fifth year. 

Although these studies measure only the accuracy of sales forecasts 
made at the moment of the product launch, the accuracy of forecasts made 
prior to the start of the project or during the development process might be 
even worse. Together with the findings reported above, these studies clearly 
indicate the need for regular updates in order to reduce market uncertainty 
for optimal decisions during the development process. A positive impact 
of information updates on NPD success has also been empirically validated 
(cf. e.g., Rothwell et al. 1974; Balbontin et al. 1999). Despite these insights, 
the number of corresponding models is limited and has not been of major 
interest in disciplines like management science or operations management 
(cf. e.g.. Wind and Mahajan 1997; Krishnan and Loch 2005). The devel- 
opment of more formal and quantitative models in order to improve the 
resolution of uncertainty and to enhance decision making especially during 
the early stages is therefore a frequent request of researchers in this field 
(Mahajan and Wind 1992; Gerwin and Susman 1996). We will thus review 
the existing information updating and valuation approaches and evaluate 
their applicability to this problem in the next sections. 



2.2 Decision Models with Information Updating 

Researchers in various disciplines have developed decision models that 
deal with information updating. In the following, we will provide a brief 
overview of information updating within the decision theory before sur- 
veying the most interesting models related to our research objective. Since 

^Unfortunately, the term "forecast accuracy" is not precisely defined in this arti- 
cle. It is only stated that the participating firms were asked to indicate the degree of 
forecast accuracy one year after the product launch. 
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information updating has hardly been addressed in the area of NPD, we 
will study similar decision frameworks from related disciplines, like supply 
chain management for example, and present the most relevant updating 
approaches. The focus of the latter aspect will primarily be on statistical 
decision theory, in particular Bayesian analysis, which we will apply to our 
valuation model. Finally, some decision models in the field of NPD that 
incorporate information updating will be analyzed in greater detail. 

2.2.1 Foundations of Decision Theory and Information Updating 

Decision theory is the study of decision making involving and being of in- 
terest to researches in many different disciplines like mathematics, statistics, 
economics, philosophy, psychology or behavioral science - to name but the 
most important ones. The vast body of knowledge goes back as far as to the 
eighteenth-century like to the theory on the measurement of risk by Daniel 
Bernoulli (1738) or to the notion of probability as a theory of rational de- 
grees of belief developed by Thomas Bayes (1764).^ The modern decision 
theory builds up on the work of von Neumann and Morgenstern (1944) and 
Savage (1954), who provide with the expected utility theory an important 
foundation of decision making under risk. One part of it - the so-called 
prescriptive decision theory - is concerned with the derivation of optimal 
strategies when a decision maker is faced with several decision alternatives 
and an uncertain or risk-filled pattern of future events (Laux 1991, p. 3 ft.). 

An important characteristic of many decision problems of this type is 
that the decision maker's uncertainty is not constant over time. It rather de- 
pends on the point in time when the decision is made. As time progresses 
and the moment of the uncertainty resolution comes closer, the decision 
maker is generally less uncertain than he was at times farther away. The 
reason for the uncertainty reduction is that he can acquire additional in- 
formation and thus, learn about future states of the world as time goes 
by (Marschak and Nelson 1962). This property is at the heart of informa- 
tion updating. The additional information is, however, only valuable for the 
decision maker if he has flexibility to respond to it (Merkhofer 1977). Nu- 
merous models for decision making in the presence of managerial flexibility 
to respond to new information in uncertain environments have been devel- 
oped. NPD projects are characteristic examples where management has to 
refine its information over time and adjust its initial decisions. 

The basic idea behind these decision models under preliminary infor- 
mation is the following (see also Fig. 2.2): In situations with uncertainty, 
the decision maker has often prior information about the unknown states of 



^The latter seminal work builds a cornerstone in the statistical decision theory to 
which we will refer to in our model formulation. See Section 3.2 for details. 
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Fig. 2.2. Decision making with information updating 



nature. In order to make the best possible decision, however, he may have 
the flexibility to postpone (part of) the decision until additional information 
becomes available. This new information can then be used to update the 
initial (prior) probability estimates about the state of nature so that the fi- 
nal decision is based upon more accurate data. The postponement of some 
decisions until a later point in time when more information is available 
generally comes at the expense of higher second stage costs. Late decisions 
that require fast production modes or design changes close to the market 
launch incur much higher costs compared to early actions. Thus, a frequent 
trade-off is to make either an early decision at low cost but with limited 
information or to postpone it until more information becomes available at 
the expense of higher cost (Loch and Terwiesch 2005). 

Although many decisions in operations management involve this is- 
sue, corresponding models have been developed so far primarily in the 
area of supply chain management where information updating is a pre- 
vailing issue. ^ Key decision problems with uncertainty reductions through 
information or forecast updates in this fields are, for example, optimal in- 
ventory replenishing policies (e.g., Johnson and Thompson 1975; Lovejoy 
1990), information-sharing mechanisms to reduce variability effects in sup- 
ply chains like the bullwhip effect^ (e g / Lee et al. 2000; Gaur et al. 2005), or 
optimal ordering and production modes for items with uncertain demand 
patterns (e.g., Hausman and Peterson 1972; Fisher and Raman 1996; Ep- 
pen and Iyer 1997). The challenge underlying these decision problems is 



^For a systematic overview of the development of dynamic inventory modeling 
under uncertainty and the corresponding mathematical and statistical methods of it, 
see, for example, Girlich and Chikan (2001). 

®The bullwhip effect describes the phenomenon that the sequence of order quan- 
tities tends to have a higher variability and a larger order size as one moves upstream 
the supply chain, i.e., from the retailer to the manufacturer (Lee et al. 1997). 
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the optimal response to high demand variability. Depending on the studied 
issue, the demand uncertainty and its reduction is hereby modeled in dif- 
ferent ways. Three major updating methods applied to decision models can 
be distinguished: time series analysis, Markov-modulated forecast updates, 
and Bayesian analysis (cf. Sethi et al. 2005, p. 8 ff.).® 

In the following, we will focus on the latter method which is - compared 
to the former - best suited for the above described decision problem with 
preliminary information.^ Since the most popular applications of this up- 
dating method are supply chain management decision problems, we have 
to refer to the models in this area. Although the context differs from the one 
of NPD projects, the underlying decision problem is identical: Instead of 
demand uncertainty, management of NPD projects has market uncertainty 
that can be reduced with new information acquired during the develop- 
ment process. The obtained insights from the supply chain management 
literature can therefore be applied to our decision problem. However, as 
the subsequent discussion will show, the applied methodology cannot be 
transferred in a straightforward manner, but has to be slightly adjusted. 



2.2.2 Bayesian Analysis 

2.2.2.1 Foundations and Basic Ideas 

Bayesian analysis is a popular method in the field of statistical decision the- 
ory which is concerned with the problem of making decisions based on sta- 
tistical knowledge about uncertain quantities. In order to obtain information 
about critical parameters, the decision maker faces the challenge of design- 
ing appropriate studies, analyzing data sets, and fitting probability models. 
While classical or frequentist statistics uses the sample data from exper- 
iments or studies directly in order to make inferences about the unknown 
parameters, Bayesian statistics® combines this data with other relevant infor- 
mation about the problem. This so-called prior information primarily arises 
from other sources than statistical investigation, like past project experi- 
ence, for example. By combining the prior information about the states of 
nature of the decision problem with the additional information obtained 



®These very general forecasting methods are also known in the literature as the 
state space forecasting approach (cf. e.g., Abraham and Ledolfer 1983, p. 359 ff.). 

^For the characteristics and shortcomings of time series analysis see e.g., Veinott 
(1965), Kahn (1987), or Lee et al. (2000) and of Markov-modulated forecast updates 
see e.g., Chen and Song (2001), Sethi et al. (2005), or Karr (1991). 

®Named after Thomas Bayes, a minister and amateur mathematician, who set 
down his findings on probabilify in an "Essay Towards Solving a Problem in fhe 
Doctrine of Chances", published posthumously in the Philosophical Transactions of 
the Royal Society of London (Bayes 1764). 
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from (market) research or experimentation, the posterior distribution, i.e., 
the conditional distribution of the unknown quantities given the additional 
data, can be computed. All further inferences are then made from these 
updated beliefs (cf. e.g., Berger 1985). 

In the past, there has been a long and intense controversy between fre- 
quentists and Bayesians statisticians regarding the appropriate approach to 
statistical data analysis and decision making (Berger 1985, p. 124 f.). The 
former group developed methods based on sampling from a large popula- 
tion which dominated the field for a long time. They criticized the Bayesian 
methods for their high dependency on correct and robust priors, the of- 
ten subjective estimates, and their over-reliance on computationally conve- 
nient priors. The latter criticism refers to the fact that previously posterior 
distributions could only conveniently be determined for models where the 
prior belongs to the same distributional family as the sample data (so-called 
conjugate families).^ Bayesians in turn complained that the frequentist ap- 
proach ignores to incorporate relevant and insightful prior information and 
that this method requires large samples to derive significant and robust re- 
sults which is often costly and inefficient. 

Most of these controversial issues have been overcome. Computational 
advances from the mid-1980s on allowed to apply simulation methods, in 
particular Markov chain Monte Carlo simulations, to determine posterior 
distributions for a wide class of distributions and models (cf. Rossi et al. 
2005, p. 1). Although frequentism remains to be the more robust approach 
due to its reliance on larger sample data, it is less suited for making de- 
cisions on the basis of limited information. More precisely, many classical 
large sample procedures simply fail if only a small data basis is available. 
Bayesian procedures with their ability to combine the sample data with 
prior estimates or beliefs generally provide better results in such situations 
and hence, would almost always be preferable (cf. Berger 1985, p. 125). The 
latter aspect is important for many real-life situations where the available 
data basis is often sparse due to budget or time constraints. 

In addition, Bayesian analysis follows the natural way of making deci- 
sions in practical situations by starting with subjective estimates about un- 
certain outcomes of the project which are later revised and updated when 
new information becomes available. The derived insights and decisions 
from such an analysis are also more easily interpretable by non special- 
ists.^'^ The superiority in many situations explains the dramatic increase in 
the use of Bayesian methods in the different academic disciplines over the 



^For details, see Section 3.2.1 or Carlin and Louis (2000, p. 25 ft.). 

^'’Besides these benefits, there exist several other advantages Bayesian analysis 
offers compared to the classical statistical methods for which the interested reader is 
referred to the excellent textbook of Berger (1985, p. 124 f.). 
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last decade. In the following, we will review prominent applications of this 
methods in the field of supply chain management, real options analysis, and 
new product development. 

2.2.2.2 Applications in Supply Chain Management Literature 

Bayesian analysis has probably been the first updating method applied 
to the above discussed inventory and supply chain problems with uncer- 
tain demand patterns. Dvoretzky et al. (1952) were the first who studied 
Bayesian models to learn about future demand by combining prior distri- 
bution with additional information. Scarf (1959, 1960) derives an adaptive 
optimal order policy depending on the past history for the case of expo- 
nential demand distributions. Other contributions to this stream of research 
have been developed, for example, by Iglehart (1964) or Waldmann (1979) 
who are mainly concerned with deriving and characterizing optimal inven- 
tory replenishment policies. Noteworthy is the work of Azoury (1985) who 
models a periodic review inventory problem with several unknown parame- 
ters of the demand distribution as a Bayesian dynamic program with a mul- 
tidimensional state variable. The still prevailing problem by that time of 
computational intractability limited the attractiveness of Bayesian analysis. 
Non-Bayesian formulation of inventory problems as an approximation to 
the Bayesian dynamic programs turned out to be not equivalent as Azoury 
and Miller (1984) show. More recently, the interest in Bayesian analysis in- 
creased again. Lariviere and Porteus (1999) examine an empirical Bayesian 
inventory problem and derive optimal policies for both single and multi- 
ple market settings while Lovejoy (1990) studies exponentially smoothed 
forecast updates as well as Bayesian updates for myopic inventory policies. 

Besides these Bayesian demand updates for the presented inventory 
problems, Bayesian analysis received special attention over the last decade 
in the Quick Response movement. Since the problem structure of these mod- 
els is quite similar to ours of making preliminary decisions in NPD projects, 
we will have a closer look on these models. QR is an initiative of the ap- 
parel industry with the intention to reduce inventory costs in the supply 
chain by cutting manufacturing and distribution lead times through means 
such as better information exchanges between the participants, logistics im- 
provements, and improved manufacturing methods. The related decision 
problem corresponds to the above mentioned one of making decision under 

considering distributions such as the gamma, uniform, Weibull, and normal, 
she extends the work of Scarf (1959) to other common classes of distributions where 
the known prior distribution is chosen from the corresponding natural conjugate 
family. 

^^For further details of this movement, the interested reader is referred to the 
excellent overviews of Hammond (1990) or Hunter (1990). 
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preliminary information: A buyer (e.g., a fashion retailer) places orders to 
a manufacturer over certain quantities before the actual demand is known. 
The retailer's trade-off of ordering too little, with the result of product stock- 
outs and low service levels (lost profit), or too much, with the result of in- 
creased holding costs and forced markdowns (additional costs), corresponds 
to the problem of the classical "newsboy" model^^ (cf. e.g., Nahmias 1997). 

In the presence of long lead times and high demand uncertainties, as 
they are characteristic for the fashion industry for example, the (ex post) 
optimal order quantity is hardly ever met. To improve the decision making 
under such demand uncertainties, the classical newsboy model is extended 
for the QR environment by incorporating information updates of the initial 
demand estimates (Iyer and Bergen 1997). This allows the participants in 
the supply chain to delay the final quantity commitment until a later point 
in time when additional information becomes available. More precisely, the 
buyer can order some portion of the overall demand based on his initial es- 
timates far ahead of the selling season. The costs of these items are relatively 
low as the production can be precisely planned and the long lead time al- 
lows to manufacture in low-wage countries. These prior estimates are then 
updated at a later point in time with data observed from related items, re- 
quests from trade fairs (e.g., fashion shows), or first orders received. Based 
on the adjusted demand estimates, a second order quantity can be placed for 
the remaining selling period if required. However, this quantity generally 
causes higher costs since the manufacturer has to resort to fast production 
modes, produce in plants close to the target market, or use a faster, but also 
more expensive conveyance (Kim 2003). 

The developed models addressing the described decision problem pro- 
vide insights into optimal order strategies (Fisher and Raman 1996; Eppen 
and Iyer 1997), e.g., the optimal order quantity at the different decision 
points, or show the benefits of QR for the different supply chain mem- 
bers (Iyer and Bergen 1997). Given our research objective, we are, however, 
solely interested in the applied updating mechanism. As indicated before, 
the update of the demand in these decision models is generally modeled in 
a Bayesian manner. Two major types of formulations can be found. The first 
group of authors assume that the initial and the total demand of a certain 
product is bivariate normal distributed (cf. e.g., Fisher and Raman 1996; 
Kim 2003; Gurnani and Tang 1999). This is one of the simplest distribu- 
tional choices often made in Bayesian analysis since it allows to determine 
relative simple expressions for the moments (i.e., mean and variance) of the 
updated (posterior) demand distribution. The drawback is, however, that 



^^Also referred to as the newsvendor or newsperson model by overly politically 
correct persons. We take the latitude to ignore such nonsense and retain the original 
nomenclature. 
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such a distributional relationship has to be empirically validated. Without 
at least some indications of a bivariate normal relationship between the ini- 
tial and total demand, the derived results have no practical relevance. Some 
authors like Kim (2003) or Gurnani and Tang (1999) ignore this prerequi- 
site. They only take the benefits of the computationally convenient updat- 
ing formulation without proving its applicability. Although the estimation 
and validation of demand densities and the corresponding parameters is a 
challenging task (Fisher and Raman 1996), it is the only way to justify the 
choice of this formulation. 

For all other cases, where such a simplification is not applicable, one can 
still rely on commonly known distributions by applying the above men- 
tioned concept of conjugate families where a prior distribution is chosen 
that is conjugate to the corresponding likelihood function. This updating 
formulation can be found, for example, in the QR models of Iyer and Bergen 
(1997) or Eppen and Iyer (1997). Although the determination of the poste- 
rior distribution is mathematically more complex, it is the only approach 
to develop an insightful model with practical relevance when the empiri- 
cal validation of the chosen distribution is omitted or corresponding data is 
sparse. As the next section will show, the few R&D decision models of this 
type rely therefore on the concept of conjugate families. 

2.2.3 Updating Mechanisms in R&D Models 

The presented concepts of information updating have - albeit with signif- 
icantly less effort - also been applied to decision problems in the field of 
R&D. In their influential work, McCardle (1985) and Lippman and McCar- 
dle (1987) develop a stopping model for management who faces the deci- 
sion problem of adopting an innovative technology. Since the profitability 
of a new technology is quite uncertain at the moment of its announcement, 
management has to estimate its expected returns. However, prior to making 
the decision whether or not to adopt the technology, the firm has the possi- 
bility to sequentially gather additional information and to use it to update 
its initial profitability estimates. The update of the expected returns is mod- 
eled in a Bayesian manner assuming a conjugate relationship between the 
firm's prior distribution about the economic value of the technology and the 
distribution from which the information is generated. 

The model provides a clear policy for the information updating process. 
As soon as one of the two identified thresholds is crossed, the firm should 
stop the collection of additional information. In case that the upper limit is 



^^McCardle (1985) studies information structures which rely on the following con- 
jugafe families: Befa-Bernoulli, Gamma-Poisson, Gamma-exponential, and normal- 
normal, where the mean is unknown. 
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met, management should adopt the new technology, while the lower one 
indicates to reject it. Lippman and McCardle show that a higher precision 
of the prior distribution shortens the decision to adopt an innovation. In 
addition, better information (a sharper signal) only leads to the same effect 
if the precision of the signal is higher than the one of the prior distribution. 
Otherwise, it results in a delay of the decision. 

These results are also studied in the presence of competition in a game- 
theoretic extension of this model provided by Mamer and McCardle (1987) 
who show that an increased expected level of substitutive competition re- 
duces the probability that the firm will adopt the technology. Finally, Lipp- 
man and McCardle (1991) extend the sources of uncertainty in the model by 
adding to the uncertainty about the economic viability of a known technol- 
ogy the emergence of a new and unknown technology during the decision 
process. In a slightly different context, Krishnan and Bhattacharya (2002) fo- 
cus on the role of design flexibility in the technology selection process and 
compare different design approaches (parallel path versus sufficient design). 

Other models that address the management of preliminary informa- 
tion in NPD projects focus more on the exchange or the management of 
such information, e.g., Bhattacharya et al. (1998) who study the timing of 
product definition in highly dynamic environments where uncertainty is 
resolved through frequent, repeated interactions with customers. Since all 
these frameworks have in common that they do not focus on the update of 
information in a particular manner, but model preliminary information as a 
possible set of design parameters (Sobek et al. 1999; Krishnan et al. 1997) 
or a stream of engineering changes (Loch and Terwiesch 1998; Ha and Por- 
teus 1995), they are not of interest to our research objective and hence, not 
further reviewed. 

The reason for the few applications of information updating models to 
NPD problems lies - compared to the above discussed supply chain man- 
agement models - in the complexity of the development projects and the 
underlying information structures. Loch and Terwiesch (2005) claim that the 
topology of the decision and outcome spaces underlying the currently ex- 
isting decision models in the field operation management is not suited for 
NPD settings. Whereas in the supply chain management models, like the 
Quick Response models for example, the decision (how much to order) and 
the outcome (realized demand) correspond to a one-dimensional, ordered 
decision space, the information exchange in a NPD environment is more 
complex. In a product development project for example, where concurrent 
engineering is applied, multiple interdependent development activities are 
performed in parallel in order to shorten lead time (e.g. Krishnan et al. 
1997; Loch and Terwiesch 1998; Terwiesch et al. 2002). Thus, information 
about several design specifications have to be exchanged simultaneously. 
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each consisting of a set of multiple possible outcomes, i.e., the information 
structure and the decision space are multidimensional. 

Loch and Terwiesch (2005) therefore use in their insightful decision 
model based on preliminary information the concept of information struc- 
tures. In contrast to the one-dimensional structures of the currently existing 
Bayesian updating models, these information structures consist of set-based 
probabilities - formally represented by a sigma field - that are refined over 
time. In other words, the preliminary information is represented as a space 
of relevant outcomes where the aggregated events of incomplete informa- 
tion become known over time. The costs of the actions are assumed to in- 
crease over time. Modeling the decision problem as a two-stage stochastic 
dynamic program, the authors are able to derive optimal policies in depen- 
dence on the underlying cost structure as well as the available information 
gain. They show that waiting for more information and avoiding actions in 
an early period is the optimal policy if the cost increase is moderate. How- 
ever, if building costs are so high that it is worth to delay actions while can- 
cellation costs are not too high, the optimal managerial policy is iteration, 
i.e., take more targeted actions early and then adapt when new information 
becomes available. Finally hedging, i.e., starting with several actions simul- 
taneously, is the optimal strategy if early actions are cheap compared to late 
ones. 

With this decision model. Loch and Terwiesch provide one of the first 
quantitative frameworks for decision making based on preliminary infor- 
mation that applies to NPD projects. Although this model demonstrates the 
impact of cost and information characteristics on the optimal decision, it is 
less suited, as the authors claim themselves, to quantitatively evaluate man- 
agerial decisions. In addition, it does not allow to explicitly determine the 
value of additional information. But especially the latter aspect is of partic- 
ular interest in NPD projects as it enables the assessment of the uncertainty 
reduction through an information update as well as its impact on the overall 
project value in financial terms. In the next section, we will therefore review 
financial methods that provide means for such a valuation. 



2.3 Real Options Analysis 

One key success factor of new development projects is, as the discussion 
in the previous section has shown, to understand the underlying uncer- 
tainty and respond to it accordingly. Although investments in such projects 
are generally irreversible, management often has the possibility to adjust its 
course of action during the development process as the uncertainty is gradu- 
ally resolved with the arrival of new information. This flexibility to respond 
contingent upon additional information in such investment projects repre- 
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sents a value for the company that is neglected by the traditional investment 
valuation methods. Real options theory, by contrast, takes this operational 
flexibility in the valuation of such projects explicitly into account and is 
therefore well suited for our research objective. 

In the following, we will briefly discuss the shortcomings of the tradi- 
tional valuation approaches before giving an overview of the basic char- 
acteristics of real options and the corresponding valuation methods. After- 
wards, we review key real options frameworks with applications to R&D 
projects and present first attempts of combining information updating with 
real options analysis. The focus will be on the concepts and contributions 
most relevant for our problem setting. For an in-depth survey of this grow- 
ing area, see the comprehensive review of Lander and Pinches (1998) or the 
textbooks of Trigeorgis (1996) and Amram and Kulatilaka (1999). 

2.3.1 Shortcomings of Traditional Valuation Methods 

Most companies base their investment decisions on the results of traditional 
discounted cash flow analyses (Newton et al. 1996; Graham and Harvey 
2001). These methods, like the net present value (NPV) or internal rate of re- 
turn analysis for example, make implicit assumptions about the investment 
project under consideration. Since these measures require precise estimates 
about the generally uncertain future payoffs of the project in order to de- 
termine its value, they implicitly assume that the estimated revenues will 
actually occur. Moreover, they value the project solely on a go/no-go basis, 
i.e., the project can either be conducted now or never. Thus, they neglect 
the possibility to postpone the project for a certain period until additional 
information becomes available and (some) uncertainty is resolved. For these 
reasons, the discounted-cash-flow methods are not well suited for valuing 
NPD projects (cf. Kulatilaka and Marcus 1992; Haley and Goldberg 1995; 
Baecker et al. 2003). 

Incorporating risk in the NPV analysis by adjusting the discount rate ac- 
cordingly does not address the issue of imperfect cash-flow forecasts. Com- 
panies therefore frequently apply additional analysis methods like sensitiv- 
ity analysis, traditional simulation, or scenario analysis. Sensitivity analysis 
allows to identify the key variables determining the cash flows and hence, 
their impact on the NPV. By analyzing the relative importance of a variable 
compared to the other ones, this analysis method indicates the riskiness of 
the different parameters and the potential impact of a misestimation on the 
project success. It studies, however, only the effect of one variable on the 
project value at a time while holding the other variables constant. Thus, it 
ignores interdependencies between the different variables (cf. e.g., Trigeor- 
gis 1996, p. 52 f.). 
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This deficiency can be addressed by traditional simulation techniques, 
like Monte Carlo simulation. Instead of varying the primary variables de- 
termining the NPV once at a time, simulation methods specify the different 
variables with probability distributions obtained from empirical studies or 
subjective estimates and describe their interdependencies as well as their 
impact on the project value through a mathematical model. By using large- 
scale random samples from the probability distributions of all critical vari- 
ables, a probability distribution of the NPV for the assumed investment 
strategy is obtained. The characteristics of the decision problem under un- 
certainty and the interdependencies of the different input variables can thus 
be captured and analyzed. One has to be aware, however, that it is gener- 
ally very difficult to describe all project-inherent interdependencies of the 
different variables exhaustively and to precisely estimate their probabilities 
a priori. In addition, one has to be careful not to double-count for risk if the 
NPV is already determined based on a risk adjusted discount rate (Myers 
1976). Moreover, as a forward-looking technique, simulation analyzes an a 
priori specified investment strategy, thus ignoring the managerial flexibility 
to adjust the preconceived decisions to upcoming contingencies. 

Finally, scenario analysis is another frequently applied method to cap- 
ture the underlying uncertainty of an investment. It studies possible future 
events by considering possible alternative outcomes. Most commonly, three 
different cases are studied, e.g., the most likely one as well as a worst and 
a best case scenario. The consideration of extreme cases, which is generally 
only insufficiently addressed in traditional simulations techniques due to 
the low probabilities of extreme values, improves the simple NPV analysis. 
By allowing for a more complete consideration of outcomes and their im- 
plications, the obtained insights from a scenario analysis improve the basis 
for investment decisions. 

Although each of the just presented approaches accounts in its particular 
way for the project inherent uncertainty, as it is particularly characteristic for 
new product development projects, neither one incorporates the managerial 
operating flexibility to respond to contingencies or additional information. 
In other words, they all ignore the value to adapt the initial strategy con- 
tingent on the possible states of nature (outcomes) in order to capitalize 
favorable future opportunities, e.g., to defer, expand, contract, or abandon 
the project. Thus, they systematically underestimate the true value of the 
investment. However, for the correct valuation of a project, these existing 
real options have to be taken into account. Due to their close analogy to op- 
tions on financial assets, the corresponding valuation methods developed in 
this area can be applied to determine the actual value of the project. Before 
describing these methods in greater detail, a brief characterization of the 
different real options will be given. 
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2.3.2 Real Options 

An option is the right, but not the obligation, to take a certain action in the 
future contingent on the realized state of nature. It is thus valuable in the 
presence of uncertainty. In finance, a call option gives the holder the right, 
with no obligation, to acquire the underlying asset (with a current value V) 
for an a priori specified price (the strike or exercise price X) on or before 
a certain date (maturity date T). Similarly, a put option gives the right to 
sell the underlying asset for the exercise price. If the option can be exercised 
only at maturity by paying the option price C (for a call) or P (for a put), 
this type of option is referred to as a European option, while an American 
option also allows for an execution before maturity. 



Payoff Payoff 





Source: Adapted from Hull (2003). 

Fig. 2.3. Payoff pattern of a European call and put option at maturity 



The benefit of an option results from its asymmetric payoff function (see 
Fig. 2.3). The reason of this one-sided payoff structure is that one will only 
exercise the option if it yields for the at maturity realized state of nature a 
positive payoff for its holder, i.e., a call option will be exercised only if the 
price of the underlying asset on that date exceeds the exercise price. Hence, 
an option allows to utilize the upside potential while limiting the downside 
risk.^^ If the underlying asset of the option is not a financial security, but the 
gross project value of discounted expected cash-inflows from investments in 

^^Contrary to options, financial contracts (e.g., forwards) have a symmetric payoff 
structure as they involve a commitment to fulfill an obligation undertaken to buy 
or sell an asset in the future at the terms previously agreed upon, regardless of the 
development of the underlying asset (McDonald 2003, p. 21 ff.). 
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Table 2.1. Comparison between financial call option and real option 



Real option on NPD project 


Variable Financial call option 


Present value of expected cash flows 


So 


Underlying stock price 


Investment costs 


X 


Exercise price 


Expiration date of opportunity 


T 


Maturity 


Project value uncertainty 


cr 


Volatility of underlying stock 


Risk-free interest rate 


r 


Risk-free interest rate 



Source: Adapted from Trigeorgis (1996, p. 125). 



real assets, like manufacturing plants, oil field exploration, or machinery for 
example, these options are called real options (cf. Myers 1977, 1984; Kester 
1984). They are in contrast to financial options not specified by a contract, 
but embedded in capital-investment opportunities and have therefore to 
be explicitly identified. Table 2.1 depicts the close analogies between a real 
option and a financial call option. 

Among the many real options identified to date, the literature distin- 
guishes the following basic types, classified primarily by the source of (man- 
agerial) flexibility (cf. e.g., Trigeorgis 1996; Copeland and Antikarov 2001): 

• Option to defer: This option allows management to delay its commit- 
ment to an investment project, e.g., new manufacturing plant, until ad- 
ditional information becomes available which justifies the expenditures. 
It is therefore particularly valuable in settings where management has 
the possibility to reduce the uncertainty (e.g., market uncertainty) over 
time through learning (cf. e.g., McDonald and Siegel 1986; Ingersoll and 
Ross 1992). 

• Option to expand: This option can be viewed as a call option on an 
existing project to acquire an additional part of the base-scale project or 
to extend it by a certain percentage. It will therefore only be exercised if 
the future market development turns out to be favorable. Since it allows 
the company to capitalize future growth opportunities, the option to 
expand is of particular strategic importance. Birge (2000) shows how the 
value of additional capacity can be expressed in terms of option value, 
which leads to an application in capacity-planning. 

• Option to contract: In analogy to the option to expand, this option type 
allows management to reduce the scale of its production if the market 
conditions, e.g., demand, price, volume, etc., turn out to be less favorable 
than initially expected (cf. e.g., Pindyck 1988). 

• Option to abandon: This option provides management with the possibil- 
ity to terminate a project permanently in exchange for its salvage value 
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(cf. e.g., Myers and Majd 1990). The execution of this option may be 
beneficial if the current or future payoffs of a project do not even com- 
pensate for the fixed costs anymore. It thus provides a form of insurance 
against project failure. One should consider, however, not only all costs 
the termination may incur, but also take the loss of valuable expertise, 
organizational capabilities, or market access into account. The option to 
abandon is found, for example, in capital-intensive industries or new 
product development projects with high market uncertainty. 

• Option to switch: The option to switch allows a company to change its 
mode of operation. This includes, for example, the option to temporarily 
shut down production and restart it later when the market conditions 
have improved (cf. e.g., McDonald and Siegel 1985). If the demand or 
the price of a certain product changes, the firm may also have the pos- 
sibility to switch between alternative outputs (product flexibility). In the 
presence of such volatility, it may be valuable to invest in a more expen- 
sive, but also more flexible production mode that allows to adjust the 
output in accordance to the market development (Van Mieghem 1998). 
Similarly, management may be able to adjust the input to maintain the 
same output (process flexibility). This flexibility cannot only be achieved 
through an appropriate technology, as Kulatilaka (1993) shows consid- 
ering the operation flexibility of a dual-fuel industrial steam boiler, but 
also through a flexible production or supply chain network. 

• Option to improve: Introduced by Huchzermeier and Loch (2001), the 
option to improve represents the managerial flexibility in a new product 
development setting to take corrective actions during the development 
process in order to improve the performance of the product. The prac- 
tical relevance of this option has been shown, for example, by Santiago 
and Bifano (2005) who value a high-technology development project in 
the presence of technical uncertainties. 

In real-life investment projects, some of these just described real options 
may lead to interrelated opportunities which contain themselves other real 
options, i.e., compound options (cf. e.g., Geske 1979). Following Trigeorgis 
(1996, p. 132 f.), one can distinguish interactions between options on the 
same underlying project (interproject compoundness) and interactions em- 
bracing several underlying assets (intraproject compoundness). An example 
of the former compoundness is an investment in a R&D project which pro- 
vides at its completion the opportunity for subsequent product generations 
or related applications. In this case, the subsequent projects are interdepen- 
dent on the first one. In other words, the initial R&D project may lead to a 
whole chain of interrelated projects which in turn will offer future growth 
opportunities (Childs et al. 1998). 
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A multi-stage project, where an earlier investment is the prerequisite for 
the acquisition of the subsequent option to continue or extend the project, 
is an example for an intraproject interaction. Another example would be 
a project with several real options that are, if combined, simultaneously 
upward-enhancing and downward-protective. Brennan and Schwartz (1985) 
were the first who addressed this issue by studying the operation of a mine 
with the options to shut down and restart or to abandon it for its salvage 
value. A similar compound option in the context of a NPD project has been 
analyzed by Huchzermeier and Loch (2001) as well as Santiago and Vakili 
(2005). They analyze a project with an improvement option to increase the 
technical product performance by investing in additional resources - thus 
enhancing the upside potential of the project - and a coexisting abandon- 
ment option that simultaneously provides a protection against the downside 
risk. 

Note that such interactions may affect the value of the real option. Tri- 
georgis (1993) has shown that the existence of subsequent options leading 
to further opportunities may increase the value of the effective underlying 
asset for earlier options. This leads in case of multiple interacting options on 
the same underlying to the fact that the separate option values do not nec- 
essarily add up, i.e., the combined value of the different options may differ 
from the sum of their separate values - they are so-called subadditive. Since 
this issue does not occur in our model, we will not further elaborate on this 
aspect, but refer the interested reader to the discussion in Trigeorgis (1993) 
or Kulatilaka (1995). 

2.3.3 Valuation of Real Options 

Due to their close analogy to financial ones, real options are valued by ap- 
plying the concepts developed for pricing financial options. The seminal 
work of Black and Scholes (1973) and Merton (1973) marked the break- 
through in the valuation of financial options by providing a closed-form 
solution. They showed that - in an arbitrage-free world^® - the price of an 
option equates the cost for setting up a continuously traded portfolio of the 
underlying security and a risk-free bond that exactly replicates the payoff of 
the option. The resulting partial differential equation can be solved in closed 
form, which is now known as the Black-Scholes option pricing model. The 
value of a European call option C can be determined as follows: 

C = SN(di) - Xe-'^N{d2), (2.1) 



^®The no arbitrage principle is also known as the "law of one price" which states 
that two investments with identical payoffs at all times and in all states must have 
the same value (cf. Brealey and Myers 1996, p. 961 f.). 
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where = (ln{S /X) + (r + cr^ /2)T) /a^/T, d 2 = — aVT, and N{-) is 

the cumulative standard normal distribution function.^^ The underlying as- 
sumption of the pricing model is that the stock price follows a stochastic 
Markov process that can be described by a geometric Brownian motion (or 
Wiener process). 

A simplified valuation approach for options in discrete time was devel- 
oped by Cox et al. (1979) where the stock-price movements follow a mul- 
tiplicative binomial process. This model has proved to be very powerful in 
handling complex options and gained particular relevance for the valuation 
of real options in staged investments, like NPD projects that typically follow 
a stage-gate process. Especially if the resulting lattice tree is recombining, 
the underlying stochastic process can be well illustrated and the valuation 
of the real options in a backward recursive manner is intuitively traceable 
even for non-specialists. 

The contingent claims analysis builds upon the basic risk neutral ar- 
gument of Cox and Ross (1976). At the heart of this idea lies the above 
mentioned recognition that an option can be replicated from a continuously 
adjusted portfolio of traded securities. Since the value of the tracking port- 
folio and the option are independent of the investors' risk preferences, the 
valuation of the option can thus proceed in a risk-neutral manner, i.e., the 
expected future payoffs, weighted with risk-neutral probabilities, can be dis- 
counted at the risk-free interest rate. In other words, to value the managerial 
flexibility of an investment project, management neither has to estimate the 
probability of the future revenues nor the expected rate of return as long 
as a tracking portfolio can be created that incorporates the risk and return 
trade-off.^® This makes the real options approach on the one hand a power- 
ful tool, but limits on the other hand its practical applicability. 

In many real-life settings, these underlying assumptions of real options 
valuation do often not apply (e.g.. Lander and Pinches 1998; Brockhoff 
2000; Witt 2003). Contrary to the valuation of financial options where the 
price of the underlying security is known from efficient financial markets, 
real options valuation lacks a corresponding market. The present value of 
an investment project (real asset) is generally not traded and thus, depends 
on subjective estimates. Although Trigeorgis (1993) as well as Mason and 
Merton (1985) argue that a dynamic portfolio of traded securities, which 
has the identical risk characteristics as the non-traded underlying real asset 
in complete markets, is sufficient for the valuation of real options (i.e., the 
existence of a continuously trading opportunity of the underlying asset it- 
self is not required), it still requires a perfect correlation of the risk structure. 



^^For the definition of the variables, see also Table 2.1. 

^®The price of the underlying asset and its volatility has of course to be deter- 
mined. 
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However, investment projects in real assets, and NPD projects in particular, 
have often idiosyncratic risks that are uncorrelated with financial markets 
(Huchzermeier and Loch 2001). Thus, the by options theorists favored con- 
tingent claims analysis has limited applicability. 

Decision scientists, on the other hand, rely on the alternative approaches 
of decision trees and stochastic dynamic programming models to determine 
the value of real options (cf. Bonini 1977; Dixit and Pindyck 1994, p. 93 ff.). 
These models capture the decision maker's beliefs about the outcome of the 
project by assessing subjective probabilities for the uncertainties while rep- 
resenting the preferences for project cash flows by a risk-adjusted discount 
rate. The latter aspect, however, raised major criticism by options theorists, 
e.g., Trigeorgis and Mason (1987) or Mason and Merton (1985), who claim 
that the problem of finding the correct discount rate remains unsolved in 
these models. Smith and Nau (1995) therefore propose a combined approach 
that results - when including market opportunities in the decision tree anal- 
ysis and capturing time and risk preferences through a utility function - in 
the same project value and optimal strategy as contingent claims analysis. 
Unlike in the latter model, subjective beliefs and preferences play a critical 
role in this integrated valuation approach. For an application of this model 
to oil explorations projects see Smith and McCardle (1998). 

Regardless of these two valuation philosophies with their particular ad- 
vantages in specific settings on the one hand, but known shortcomings on 
the other hand, real options analysis in the broader sense is the appropriate 
method to determine the value of an investment project under uncertainty 
when management has the flexibility to respond to new information. It has 
therefore received increasing attention from academics as well as practition- 
ers in the last decades (cf. e.g., Graham and Harvey 2001). Traditionally, 
many real options valuation models and practical applications can be found 
in the area of natural resource exploration projects, like oil drilling or min- 
ing projects, where the above mentioned difficulty regarding the replicating 
portfolio does not occur due to the existence of similar traded assets (e.g., 
Brennan and Schwartz 1985; Cortazar and Schwartz 1998; Cortazar et al. 
2001; Kamrad and Ernst 2001). 

Real options frameworks more directed towards operations manage- 
ment issues are less abundant. Kulatilaka (1988), for example, develops a 
stochastic dynamic programming model to value the flexibility in a manu- 
facturing system stemming from the possibility to operate in different alter- 
native modes. Kogut and Kulatilaka (1994) analyze the operating flexibility 
to shift production between two manufacturing plants located in different 
countries while Huchzermeier and Cohen (1996) focus on different manu- 
facturing strategies exercised contingent upon exchange rate realizations in 
a global production network. Investments in flexible production capacity 
are valued by He and Pindyck (2002) who model this capacity choice prob- 
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lem as a singular stochastic control problem. For further references on real 
options frameworks focusing on product and operations management, see 
the comprehensive reviews of Lander and Pinches (1998) and Miller and 
Park (2002). 

2.3.4 Models and Applications for R&D Projects 

Besides the above mentioned application areas, real options valuation ob- 
tained special attention in the field of R&D since it is an ideal approach 
to value the managerial flexibility of responding to the high level of tech- 
nology and market uncertainty inherent in these projects. In addition, the 
sequential development process of the projects fosters the application of the 
real options framework since it can be regarded as a series of investments, 
each containing one or more real options, like extending a project or switch- 
ing to a different technology, for example. In the following, we will present 
some insightful frameworks that are of interest to our research objective. 

Baldwin and Clark (1998, 2002) analyze the option value of modular- 
ity in product design. As such a design increases the flexibility to respond 
to (late) market requirement changes and makes the complexity in devel- 
opment projects manageable, it has substantial value. They show that the 
option value of a modular design approximately corresponds to the net op- 
tion value inherent in each module less the cost of creating the modular 
architecture. Childs et al. (1998) develop a real options framework to study 
the optimal investment policy for product development projects that can 
either be developed in sequence or in parallel. Their analysis reveals that 
the optimal development strategy depends on the volatility, the correlation 
between the project's present values, as well as the development cost and 
time. Loch and Bode-Greuel (2001) focus on the complex sequential deci- 
sions in drug development projects and examine the inherent compound 
real options with a decision tree valuation framework. 

Lint and Pennings (2001) use a real options approach to develop a frame- 
work that addresses market and technology uncertainty in a development 
project. They treat NPD as a sequential process in which management has 
the following options at the different stages: Extend the efforts to large scale 
R&D after the evaluation of the initial product idea screening, conduct R&D 
without the obligation of launching the project, invest in further validation 
of the product's market potential, and finally, launch the product into the 
market. With this framework, they compare R&D project portfolios contain- 
ing these options that are exposed to different degrees of uncertainty. The 
already mentioned framework of Huchzermeier and Loch (2001) as well as 
the extension of Santiago and Vakili (2005) allow to evaluate flexibility in a 
single R&D project in the presence of compound real options. In contrast to 
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Lint and Pennings, they examine multiple sources of uncertainty (e.g., bud- 
get, schedule, technical performance, market requirements) and extensively 
address the distinction between these sources of operational variability and 
financial uncertainty.^^ As it allows to value not only the common option of 
abandoning the project, but also explicitly considers the possibility of taking 
corrective action in order to improve the technical performance and hence, 
the project payoff, this model is very realistic and insightful for valuing 
NPD projects. This makes it well suited for our decision problem. We will 
therefore provide a more thorough description of the model in Section 3.1. 

Although these frameworks explicitly address the managerial flexibility 
to respond accordingly when uncertainty is resolved, they do not incorpo- 
rate learning as an explicit element. The acquisition of new information is 
rather viewed as a passive consequence of the project progression. However, 
some approaches exist that address this issue. Childs and Triantis (1999), 
for example, study dynamic investment policies for a R&D program where 
management has the possibility to reduce uncertainty through investments 
in the development process. In particular, they model two R&D projects 
with a three-dimensional lattice tree and demonstrate how collateral learn- 
ing between the projects as well as a dynamically altering funding policy 
(e.g., accelerating, shelving, or abandoning projects) affect the optimal in- 
vestment policy. 

Bellalah (2001) analyzes investment decisions under uncertainty and in- 
complete information with a continuous-time model. By explicitly account- 
ing for information costs regarding the project cash flows, he is able to dis- 
cuss the impact of these costs on the project value. Martzoukos and Trigeor- 
gis (2001) explore the reduction of uncertainty in investment opportunities. 
By using a real options framework with incomplete information and costly 
learning actions that induce path-dependency, they show that optimal tim- 
ing of information acquisition is essential as it reduces the cost of potential 
mistakes and hence, increases the value of investment opportunities. As ad- 
ditional information is generally costly, management has hereby to trade-off 
between the quality and the cost of learning. 

The explicit incorporation of learning in these frameworks is predomi- 
nantly modeled by considering corresponding costs for information. Thus, 
information acquisition is rather studied from a cost than from a decision 
making perspective. However, some attempts exist that combine statistical 
decision theory with real options analysis in order to incorporate informa- 
tion updates in a Bayesian manner. These models will be presented next. 



practical application of this model to a high-tech NPD project is presented by 
Santiago and Bifano (2005). 
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2.3.5 Attempts of Combining Bayesian Analysis and Real Options 

Herath and Park (2001) are one of the first who explore the idea of combin- 
ing Bayesian analysis with real options. They develop a simple valuation 
framework based on the concept of the expected value of perfect infor- 
mation. With this approach, they study investment decisions where man- 
agement has the option to defer a project until more information becomes 
available. The model allows for sequential revaluations of the project using 
sampling information in a Bayesian manner to reduce future uncertainty at 
each decision point. 

Miller and Park (2005) build on this decision theory framework and 
develop a real options model that incorporates information acquisition 
through a Bayesian update. They model a contingent multi-stage invest- 
ment scenario where management uses the information obtained after the 
first investment phase of the project to update the initial estimates of the ex- 
pected future cash flows. Contingent on the adjusted estimates, the updated 
option value for the remaining project is determined and the decision about 
the next investment phase is made, i.e., whether to continue the project or 
not (other managerial options are not considered). Depending on the num- 
ber of considered stages, this updating and decision procedure is repeated. 
Although the updating method applies the before mentioned normal conju- 
gate relationship, it is one-dimensional and only allows for updates of the 
mean. The derived insights are therefore limited. The only key finding is a 
threshold which defines when the firm's prior decision is reversed based on 
the observed sample result. 

A primarily practical application of a framework that combines Bayesian 
analysis with real options is presented by Armstrong et al. (2005). They 
study the option value of acquiring additional information for an oilfield 
production enhancement project. In this case, management has to value the 
investment in a workover of an oil well in order to maintain hydrocarbon 
production at a satisfactory economic level. Besides the choice between sim- 
ply continuing the production and conducting a workover based on the cur- 
rently existing information, management has also the possibility to increase 
the efficiency of the workover by conducting a study about the reservoir. 
The results obtained from this costly study can be used to update the initial 
information about the benefit of a workover. To determine the value of this 
additional information, the authors incorporate Bayesian analysis into a real 
options framework. More precisely, they assume that the two sources of un- 
certainty, the underlying oil prices and the characteristics of the reservoir, 
are bivariate normal distributed. Using Monte Carlo simulation to compute 
the option prices based on the assumed distributions, they are able to iden- 
tify a threshold value for the oil price when the acquisition of the additional 
information is valuable. 
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These two recently published models are, to the best of our knowledge, 
the first attempts which combine Bayesian analysis with real options frame- 
works. Although both models are quite simple in their structure and pro- 
vide only limited managerial implications, they clearly show that the combi- 
nation of these two methods is a well-suited approach to value information 
updating. 



2.4 Summary 

The review of the relevant strands of literature in this chapter clearly indi- 
cates the need for more quantitative models to improve decision making in 
NPD projects that are inherently exposed to a high degree of uncertainty 
(see Fig. 2.4 for a summary). Although numerous empirical studies identify 
the timely generation of information (particularly in the early phases of the 
development process) as a key success factor and stress the need for regular 
updates, hardly any formal models exist. Most of the derived managerial 
insights are obtained either from normative or empirical studies. However, 
only quantitative models allow to determine the project specific optimal re- 
sponse to additional information by explicitly incorporating the underlying 
parameters, like development costs, time, expected payoffs, etc. In addition, 
they allow to study the impact of these parameters on the optimal solution 
and to determine the value of an information update during the develop- 
ment process. 

The problem of making decisions under preliminary information is not 
limited to NPD. We have seen that other areas of operations management, 
like supply chain management for example, face similar challenges. The 
developed decision models in these fields apply various information updat- 
ing methods to optimize operations by reducing the inherent uncertainty 
as time progresses. While time series methods or Markov models require 
sufficient historical data to extrapolate the future development or to model 
the underlying process of the unknown parameter(s), Bayesian updating al- 
lows to combine (subjective) prior estimates with additional information in 
a straightforward manner and hence, is best suited to model the uncertainty 
reduction in NPD projects. 

Some first attempts exist which explicitly model information acquisition 
via Bayesian updating in a real options framework. By combining these 
two methods, one is able to determine the value of information acquisi- 
tion. However, these rather simple models have neither a primary focus on 
NPD projects nor do they address the NPD specific characteristics like mul- 
tidimensional information structures. Thus, an information updating model 
for NPD projects must address these characteristics as well as the typical 
sources of uncertainty. An insightful real options framework that allows to 
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Fig. 2.4. Summary of literature 



value managerial flexibility in NPD project is the model of Huchzermeier 
and Loch (2001) and the extension by Santiago and Vakili (2005). It con- 
siders not only the in NPD widely applied option to abandon a project in 
case of an unfavorable technical or financial development, but also takes 
the possibility of corrective actions to improve the technical performance 
into account. This makes the framework well suited for NPD applications 
as well as for a base case of an information updating decision model. It will 
therefore be presented in greater detail in the next chapter. 
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Model Description 



This chapter defines the information updating valuation model. Since our 
model builds upon an extended version of the before mentioned model for 
valuing managerial flexibility in R&D projects developed by Huchzermeier 
and Loch (2001), we will start with a brief description of it. In Section 3.2, 
we gradually derive the Bayesian updating formulation for an update of the 
mean and the variance of the market requirement distribution. This infor- 
mation updating framework is then integrated into a valuation model that 
allows to determine the value of an information update given managerial 
flexibility (Section 3.3). 



3.1 Basic Model 

Huchzermeier and Loch (2001) have developed an insightful decision model 
that allows to determine the value of managerial flexibility inherent in R&D 
projects. Santiago and Vakili (2005) have extended this model and derived 
some additional results. We will build upon this work by using a modified 
version of the former framework as the basis for our valuation model. 

Our model differs in two aspects: Firstly, we will limit the product per- 
formance variability, which represents the technical uncertainty inherent in 
the development project. This allows us to reduce the complexity of the 
basic model without confining the practical applicability too much. In ad- 
dition, we can derive key properties of the model in closed form which 
would be otherwise not feasible. Secondly, while the authors of the for- 
mer model basically assume that the future market success is determined 
by a single product performance parameter, we will - similar to Santiago 
and Bifano (2005) - also provide a model formulation for multiple perfor- 
mance parameters. This ensures the practical applicability of the framework 

^*^See Appendix B for details of this assumption. 
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and simultaneously addresses criticism raised by other authors. Loch and 
Terwiesch (2005), for example, note that the major limitation of applying the 
existing Bayesian updating models of the supply chain management liter- 
ature (cf. e.g., Fisher and Raman 1996; Iyer and Bergen 1997) to product 
development lies in the one-dimensional performance or outcome space.^^ 
Other environments, like NPD, are more complex since the performance and 
thus, the project success depends on multiple parameters. By also providing 
the multidimensional formulation of the model, we explicitly address this 
issue. In every other aspect, the structure of our basic model is identical 
with the one of Huchzermeier and Loch. 

In the following, we provide a brief overview of our modified version of 
the Huchzermeier-Loch model, starting with the one-dimensional product 
performance case. We will hereby adopt the notation introduced by Santiago 
and Vakili (2005), which has some advantages for our later model formula- 
tion. For further details, the reader is referred to the respective papers. 



3.1.1 General Structure and Development Uncertainty 

The decision model of Huchzermeier and Loch assumes that the R&D 
project follows a classical stage-gate process where the project - initiated 
in f = 0 - is developed over a period of T discrete stages towards market 
introduction in f = T. The market success of the project depends on its 
realized performance which is measured by a one-dimensional parameter 

X. 

During the development process, however, the project and hence, the 
product performance underlies uncertainty resulting from market and tech- 
nical development risk which prevents to determine the project success with 
complete certainty upfront. Performance variability causes the product per- 
formance to move either up or down between the different stages of the 
project. This drift of the state variable x is modeled by a binomial distribu- 
tion assuming that the performance state of the product depends on a ran- 
dom variable cot- The performance may either increase from period f to the 
next period f -|- 1 by = 0.5 with probability p or decrease by LOt = —0.5 
with probability (1 — p) due to unexpected adverse events. The perfor- 
mance change between the periods is hereby assumed to be independent 



^^See Section 2.2.3 for details. 

^^While Huchzermeier and Loch (2001) as well as Santiago and Vakili (2005) gen- 
eralize the performance variability to be spread over N states (i.e., Wt = j with 
probability ^ and Wf = — | with probability for 1 = 1,..., N), we will limif it to 
one performance state. This constraint allows us to derive some general properties 
of our information updating valuation model in closed form. See Section 4.2.1.2 and 
Appendix B for details. 
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of the previous process history. Thus, the performance state of the develop- 
ment project at stage t + 1, denoted by Xf+i, depends on the performance 
state at stage t plus the described development uncertainty cot, i.e.: 



X,+i = X, + cot. (3.1) 

We further denote a particular realization of the performance state Xf by 
Xt- The left hand side of Fig. 3.1 shows how the performance states of the 
project evolve over the different stages including the corresponding transi- 
tion probabilities. 



Product 



Performance x 




Reachable states without improvement 

Fig. 3.1. One-dimensional 



Product 



Performance x 




Reachable states with improvement in ? = 1 

product performance drift 



3.1.2 Managerial Options and Development Costs 

At each stage, management has the possibility to respond to the random 
performance change by choosing one of the following actions af. continue, 
abandon, or improve. The first action simply continues the project at a con- 
tinuation cost of Cf; its performance in the next period depends on the ran- 
dom performance move. The option to abandon terminates the project at 
the current state, cutting all further costs as well as all future revenues. 
Besides this standard real option, management has also the possibility to 
take corrective action. By investing in additional resources (e.g., additional 
engineers, outsourcing of design activities, etc.), the company can improve 



^^It is assumed that once a project is terminated, it will not be reactivated after- 
wards, i.e., it will remain in that abandonment state in all following stages. 
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the expected product performance, for example - and without loss of gen- 
eralify, - by one level (see right hand side of Fig. 3.1). This action incurs an 
improvement cost of ixt in addition to the continuation cost of the particular 
stage. Both managerial action costs, C( as well as at, have to be paid at the 
beginning of each period. 

Under consideration of this managerial flexibility, the performance state 
of the project at stage f + 1 depends therefore on 1) the performance state 
at stage f, 2) the development uncertainty u>t, and 3) on the management 
decision made at the beginning of stage t, at 

^ I Xf + k{at) + cot, if flf = continue or improve 
1 Stopped, if flf = abandon 



where k{at) represents the impact on the performance state X if action 
at is chosen at the beginning of stage f. It can take the following values: 
fc(continue) = 0 and fc(improve) = 1. The corresponding development costs 
can be summarized as follows:^^ 



c{at) = < 



0 

Ct 

[ct + at 



if flf = abandon 
if at = continue 
if flf = improve 



These costs have to be paid at the beginning of each period and are - 
like the revenues - discounted at the risk-free interest rate r. The rationale 
behind this assumption is that the risk of a NPD project is unsystematic 
which a rational investor can diversify away by holding a portfolio of se- 
curities without requiring a risk premium (Huchzermeier and Loch 2001). 
We follow their argumentation. As Smith and Nau (1995) have shown, the 
backward determination of the project value in a decision tree can therefore 
be done in a risk-neutral manner, i.e., using the risk-free interest rate.^^ In 
addition, an initial investment of I is required in f = 0 fo the start the project 
(e.g., project infrastructure). 



3.1.3 Market Uncertainty and Market Payoff 

When the final product is launched to the market at time T with a product 
performance level of x, it will generate an expected market payoff, denoted 

order to reduce complexity, we assume that the costs are only stage de- 
pendent. Performance state dependency could, however, be easily integrated, i.e., 
ct(xt,at). 

^®See also Section 2.3.3 for a summary of the discussion regarding the appropriate 
discount rate in models using decision analysis versus contingent claims methods. 
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Product Product Market Performance Product 



Performance ;c Performance jc Requirements^ Performances 




Source: Adapted from Huchzermeier and Loch (2001). 

Fig. 3.2. Market requirement uncertainty and project payoffs 



by J7(x). In analogy to the general market payoff model, which has the 
form of an S-shaped curve, the expected payoff is assumed to be convex- 
concave increasing in x (Fig. 3.2). It is intuitive to assume that a performance 
improvement matters most for intermediate performance levels, while it has 
less impact when the performance is either very low or already very high 
(cf. e.g., Bhattacharya et al. 1998; Mahajan and Muller 1990). 

It is further assumed that the payoff is the result of a competitive per- 
formance threshold which the firm does not know in advance. That is, the 
market requires a certain level of performance, denoted by the market per- 
formance requirement d. If the final product meets or exceeds the require- 
ments of the market, the market will yield a high payoff M. On the other 
hand, if the final product performance misses the requirement target, it will 
only earn a much smaller margin m. The intuition behind this assumption 
is as follows: In the first case, the product has a competitive advantage in 
the market which ensures the company a price premium, while in the sec- 
ond case, the product is only one of many similar products and thus, has to 
compete on cost. 

At the start of the project, the company does not know the required 
market performance level d. The management has only a forecast of d in 
form of a probability distribution which is obtained from market research 
and past project experience. We hereby assume that the market performance 
requirement level d is normally distributed. This seems to be reasonable 
since for many products the majority of the target customers have similar 
performance requirements, while a decreasing number of customers need 
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either higher or lower performance requirements.^^ Thus, the density of 
the market performance requirement distribution has a single maximum at 
the mean E{d) and the corresponding cumulative probability distribution is 
monotone increasing. The market requirement variability is represented by 
the variance of the market performance requirement distribution. 

Under these assumptions, the market payoff is given by 



P{x) 



M, with probability F(x) 
m, with probability 1 — f(x) 



where F{x) represents the probability that the product performance x ex- 
ceeds the market performance requirement d, i.e., F(x) = P(d < x). The 
expected payoff is thus 

n{x) =E[P{x)]=m + F{x){M-m). (3.2) 



It is further assumed that the targeted product specification (or expected 
product performance) at the start of the project is set in such a way that 
it meets the expected market performance requirement, i.e., E{x) = E{d), 
which simplifies the exposition. In practice, management will probably set 
the product specification higher than the expected market performance, i.e., 
E(x) > E(d), in order to have some buffer to meet or exceed the customer 
requirements. But note, the derived results do not depend on this assump- 
tion (cf. Huchzermeier and Loch 2001). Fig. 3.2 illustrates the market per- 
formance requirement uncertainty and the expected project payoffs of the 
model. 



3.1.4 Value Function and Dynamic Program 

The decision problem of the company at each stage is to select the manage- 
rial action that will reward the highest final market payoff. Since the vari- 
ability of product performance, the cost of the different managerial options, 
as well as the expected market payoff are known, the firm can determine 
the value of the project with a stochastic dynamic program^^, which has the 
following value function: 

Vt{x) = max|-Cf(fl() -F (Xt+i(^/«f/0;t))]| ■ (3.3) 

^®This simplification, which is frequently assumed (cf. e.g., Kalyanaram and Kr- 
ishnan 1997; Miller and Park 2005), provides some computational advantages in the 
subsequent information updating formulation. However, also any other reasonable 
distribution could have been chosen. 

^^See, for example, Bertsekas (2000) or Birge and Louveaux (1997) for details. 
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In other words, at the beginning of each stage f, the company compares 
the cost of the managerial action with its discounted expected payoff in 
f + 1 and then selects the option with the highest expected return. Vt{x) 
represents the real option value of the project, or short, project value in state 
X at stage t. 

This stochastic dynamic program can be solved by a standard backward 
recursion which starts with the following terminal value at stage f = T: 

l/r(x)=n(x). (3.4) 

If V()(0), the optimal project value at stage t = 0, exceeds the initial 
investment cost I, the company would start the development project. Oth- 
erwise the project would be rejected. In the special case when "continue" is 
chosen in every decision point, the project value corresponds to the clas- 
sical (or static) net present value. Note that the project value includes a 
compound real option, namely the value of the option to choose between 
improvement or abandonment in any period. Thus, the project value at time 
f = 0 consists of the NPV plus the option value (OV): Vo(0) = NPV + OV?^ 

3.1.5 Multidimensional State Space 

The so far presented model considers only a one-dimensional performance 
state space which is sufficient for deriving properties for the value of man- 
agerial flexibility given the different sources of uncertainty in the develop- 
ment process. But it will fail in any realistic NPD setting where a project is 
defined by several technical parameters. Hence, in order to ensure the prac- 
tical applicability of the framework, we will provide - similar to Santiago 
and Bifano (2005) - the model formulation for k performance parameters in 
this section. All previous assumptions will remain valid for the multidimen- 
sional case. 

The performance state at the beginning of stage f is modeled by the 
vector Xf whose elements Xi, . . . ,Xj. represent the technical specifications 
or performance parameters of the project.^^ The performance parameters 
X, are assumed to be independent. Without counter measures, the project 
may drift from period to period with the modeled randomness between 
the performance states in the particular dimensions. Thus, the performance 
state of the development project at stage t + 1 depends on the performance 
state at stage t plus the described development uncertainty cvt- 



^^The real options literature also refers to the option value sometimes as the op- 
tion premium and to the real option value as the expanded NPV (cf. Trigeorgis 1996, 
p. 149). We will, however, use the expressions introduced above. 

^^From now on, vectors will appear in boldface type. 
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Fig. 3.3. Two-dimensional product performance drift 



X,+i = X, + wt. (3.5) 

Fig. 3.3 shows for a two-dimensional product performance vector how the 
performance state evolves over the different stages. 

Management has the possibility to respond to this performance drift by 
either choosing continuation, abandonment, or improvement. The differ- 
ence to the one-dimensional case is that improvement may include multiple 
options. For example, the firm could either improve the technical perfor- 
mance solely in dimension X; or in any combination of the n dimensions 
(see Fig. 3.3). The improvement costs typically increase with the number of 
improved performance parameters. While it is conceivable that the expected 
improvement in dimension i could have an impact on the other dimensions 
7 (/ 7 ^ 0^^' we will assume that any corrective action in dimension i is inde- 
pendent from any action in another dimension j. 

If we denote all managerial decisions on dimension i of performance 
state X at the beginning of stage f, i.e., an, by vector at, we obtain the 
following relation for the performance state at development stage f -|- 1: 



Xf+i = 



X( -|- fc(flf) + cuf. 
Stopped, 



if an = continue or improve 
if an = abandon 



^®The following cases might be possible; 1) it might deteriorate the technical per- 
formance of the project in one or more dimensions; 2) it might have no impact; or 3) 
it might improve the performance. See Santiago and Bifano (2005) for defails. 
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Fig. 3.4. Two-dimensional product performance drift under consideration of man- 
agerial options 



where = continue) = 0 and = improve) = 1 corresponds the im- 
pact on dimension i of performance state X. Fig. 3.4 illustrates the possible 
performance states under consideration of the managerial options for a two- 
dimensional product performance vector. 

The corresponding development costs can be summarized as follows:^^ 



(0 



c{ait) = < 



Cit 



if Ojf = abandon 
if ait = continue 



^Cit -t Kit if = improve. 



The success of the project depends on whether the realized performance 
level X = X\,. . .,X]( in the different dimensions meets the requirements of 
the market, denoted by d. With an efficient forecast of d in form of a multi- 
variate probability distribution, the firm can determine the expected payoff 
as follows: 



n{x) = E[P{x)]=m + F{x){M-m). (3.6) 



As in the one-dimensional case, we also assume here that the costs are only stage 
dependent. Performance state dependency could, however, be easily integrated, i.e., 
Ct{xt,at). 
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Based on these assumptions, we can determine the project value in the 
multidimensional case by applying the known stochastic dynamic program 
with the following value function: 

Vt{x) = max|-Cf(flf) + [Vt+i {Xt+i{x,at,wt))]\ , (3.7) 

L ~T T J 

with terminal value at stage t = T: 

Vt{x) = n{x). (3.8) 

It can be solved with the standard backward recursion. 

3.1.6 Summary 

The presented decision model of Huchzermeier and Loch (2001) values the 
managerial flexibility given an exogenous stochastic process of the technical 
uncertainty. At each of the T development stages, management has, besides 
simply continuing the project, the possibility of improving or abandoning 
the project when new information becomes available. The project value con- 
siders these managerial options which are neglected by the traditional NPV 
method. 

In absence of perfect market information at the start of the project in 
f = 0, management has to make assumptions about the customers' perfor- 
mance requirements at the launch of the product in f = T. Although the 
resolution of external uncertainty in the chosen notation of Santiago and 
Vakili (2005) could be considered in co (e.g., by letting the aggregate state of 
the project reflect the performance relative to the market requirement), an 
explicit update of the market performance requirement distribution as well 
as the explicit value of such an information update has not been modeled 
so far. In order to quantify the value of such (additional) information ac- 
quisition during the development process, we need to model this updating 
process with means of statistical decision theory. 

Bayesian statistics combines initial beliefs with additional information 
acquired during the development process into posterior information. It is 
therefore well suited for updating the initial estimates of the market re- 
quirements with information obtained, for example, from additional market 
studies. Based on the updated beliefs, the optimal managerial actions can 
be adjusted and the future success of the product be increased. In the next 
section, we will therefore provide a brief overview of the Bayesian updat- 
ing idea and derive a mechanism that allows to update the mean as well 
as the variance of the market requirement distribution. Afterwards, this in- 
formation updating mechanism is integrated into a real options framework. 
The derived general valuation model allows to determine the project value 
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in expectation of a later updating possibility as well as the corresponding 
value of the additional information. 



3.2 Bayesian Updating 



3.2.1 Basic Concepts of Bayesian Analysis and Inference 



The basic idea of Bayesian decision making is to combine prior estimates 
with other relevant information about the decision problem to a posterior 
distribution of the state nature from which all inferences are made from (see 
Section 2.2.2). Before we apply this concept to our decision problem, we will 
briefly introduce some common notation in Bayesian analysis which will be 
relevant for the subsequent formulation of our model. 

The unknown quantity or state of nature which affects the decision pro- 
cess is generally denoted as Q. It represents the unknown moments of a 
distribution, like the mean and/or the variance in case of a normal distri- 
bution (cf. Berger 1985; Carlin and Louis 2000). The outcome of a mar- 
ket study that is performed to obtain information about 6 will be denoted 
Z = (Dj, D 2 , . . .,Dn), where the D, represent independent observations (of 
market requirements) from a common distribution. We will further denote 
a particular realization of D, as dj and a particular realization of Z as z. The 
prior information about 6 is generally stated in terms of a probability distri- 
bution on 6. n{6) denotes the prior density of 6, while Tt{0\z) represents the 
posterior distribution of 6 given the sample information (or signal) z, from 
which all decisions and inferences are being made. 

The posterior distribution is given by the following formula (providing 
m{d) ^ 0), which is also commonly known as Bayes' theorem: 



n{9\d) — 



h{d,e) 

m[d) 

h{d,6) 

+ 00 

f h{d,e)de 



f{d\eMe) 

+00 

f f(dl0)7r(0)d0 
— 00 



(3.9) 



where h{d,6) is the joint density of D and 6, m{d) the marginal (uncondi- 
tional) density of D, and f{d\6) the likelihood function of D given 6. 

As we will see in the subsequent model formulation, it is often conve- 
nient to re-express Bayes' theorem in the simple proportionality form 
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n{e\d) c< f{d\e)n{e), (3.10) 

since the right-hand side contains all information required to reconstruct the 
normalizing constant. 



-1 

(3.11) 

when explicitly needed. 

A helpful concept for calculating the posterior distribution is the one 
of a sufficient statistic. It allows to simplify the problem when the sample 
information consists of many independent observations. Instead of dealing 
with the extensive data, the decision maker can calculate a statistic and use 
it as a summary of the relevant information for the analysis. Such a fully 
informative summary of a data set can be applied if it satisfies the following 
definition (cf. Berger 1985, p. 35 f.): 

Definition 3.1. Let D be a random variable whose distribution depends on the 
unknown parameter 6, but is otherwise known. A function T of D is said to be a 
sufficient statistic /or 6 if the conditional distribution of D, given T{D) = t, is 
independent of 6. 

In other words, the sufficient statistic T is a function, e.g., g{t\6), of 
the data that summarizes the entire sample information concerning the un- 
known parameter 6 and hence, reduces the dimensionality of the problem. 
Thus, if a sufficient statistic for 6 can be found, it is much easier to deter- 
mine the posterior distribution over it than dealing directly with the entire 
data set z = d\, . . . ,d„ (cf. Berger 1985, p. 127), i.e.: 

n{e\z) = n{e\t) = 

The unknown quantity in our model is the unknown parameter of the 
market performance requirement distribution at time t = 0. Since the true 
requirements of the customers will only be known when the project has 
been launched, the company has to make its investment decision and start 
the development process based on statistical knowledge from initial market 
studies and/or past project experience. This information can then later be 
updated in the described Bayesian manner. 

To do so, we have to make some assumptions. Firstly, we have to specify 
the model of the market performance requirements given the unknown pa- 
rameter 6 in form of a probability distribution f(d\6). As stated earlier, we 
will assume that the requirements of the customers are normally distributed. 



m{d) 



+00 



f{d\e)TT:{e)de 
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In this case, the unknown parameter 6 can either be one-dimensional, if it 
represents the unknown mean or variance quantity, or two-dimensional (in 
this case it would be a vector, i.e., 0), if both the mean and the variance of 
the likelihood function are unknown. 

Secondly, we have to determine the prior distribution of the random 
quantity 0, i.e., 7r(0). As we will see later, there are some classes of distri- 
butions that are better suited for calculating the posterior distribution than 
others. Especially, if the prior belongs to the same distributional family as 
the likelihood f{d\6) - is so-called conjugate to it, - the posterior distribu- 
tion can be calculated much easier. In most other cases, the posterior density 
has to be determined numerically with high computational effort. Although 
we will use the normal conjugate relationship for our Bayesian updating 
model, the presented approach below can be applied to any other distribu- 
tional family as well. In either case, initial studies, past project experience, 
or expert opinions, for example, can be used to determine the parameters 
of the selected prior density. It thus contains the best knowledge about the 
unknown quantity at that time. 

The sample information for the update of the prior beliefs can be data, 
for example, which is obtained from additional market research studies con- 
ducted at a certain point in time after the start of the development activities. 
If primarily the requirements of potential customers in the target market are 
surveyed, the sample data is drawn from the same universe and thus, from 
the same distribution. On the other hand, one does not necessarily have to 
rely solely on market requirement data of the development project under 
consideration. The update can also be based on data from related projects, 
e.g., information obtained from the market introduction of similar products 
or the performance of competitors' products. This is a common approach in 
Bayesian updating models for supply chain management problems (cf. e.g., 
Fisher and Raman 1996; Eppen and Iyer 1997). In this case, however, the 
variance of the likelihood function reflects both the uncertainty about the 
unknown parameter(s) 0 and the uncertainty stemming from the use of 
data which is obtained from similar but not the same product to update 
the market requirements during the development process (Iyer and Bergen 
1997). 

The subsequent section presents a systematic derivation of the Bayesian 
updating formulations needed for our model. If not stated otherwise, they 
follow along the reasoning of DeGroot (2004) and Berger (1985). For a more 
general and comprehensive discussion of Bayesian theory and analysis, the 
interested reader is referred to these two key references. In our model, we 
will consider three levels of (prior) market performance requirement un- 
certainty: Firstly, uncertainty about the mean, secondly, uncertainty about 
the variance, and finally uncertainty about both moments, the mean and 
the variance of the market requirement distribution (see Fig. 3.5). We will 
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Fig. 3.5. Modeled market requirement uncertainty 



always start with the prior distribution of market requirement uncertainty 
which is, e.g., in case of mean uncertainty, defined by the prior mean and 
the variance, composed of the performance requirement variance between 
the different customers and the uncertainty of the true mean. Afterwards, 
the posterior distributions of the market requirement distribution given the 
sample information is derived. In addition, we also derive the correspond- 
ing posterior distributions for multiple performance parameters in order to 
ensure generality of our model. 

3.2.2 Mean Update 
3.2.2.1 General Properties 

The first case that we will consider is the one where the firm has uncertainty 
about the mean, while the variance of the market performance requirement 
distribution is assumed to be known. This frequently assumed simplifica- 
tion (cf. e.g., Berger 1985; Iyer and Bergen 1997; Miller and Park 2005) is not 
always realistic since the firm will generally not know a priori the spread of 
the performance requirements among the different customers in the target 
market with certainty. However, if one is mainly concerned with making 



summary of the in the following applied statistical distributions is provided 
in Appendix A. 
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inferences about the mean^^, the assumption that the variance in the mar- 
ket is equal to the sample variance seems to be reasonable. A sample size 
of over 30 is generally considered sufficient for this assumption (Antelman 
1997, p. 313). 

Limiting our nescience solely to the mean makes the Bayesian analysis 
simpler as we have to deal solely with one parameter. Despite this con- 
straint, we will still have two levels of market requirement uncertainty in 
our model which are specified in the subsequent proposition. 

Proposition 3.1. Suppose the performance requirements of the customers in the 
target market follow a normal distribution with unknown mean 0 (d £ ?R) and 
known variance cr^ (a > 0). Suppose further that the prior distribution of 9, i.e., 
7i(0), is distributed. 

Then our model of market performance requirement at time 0 is a normal distri- 
bution with mean p and variance cr^ + i.e., 

m{d) = N{d\p,o'^ + ^^). (3.13) 

Proof. The predictive belief distribution of the market performance require- 
ment d is defined as 



m{d) — 



+ 00 

J n{e)f{d\e)d6, 

— CO 



where 



and 



n{9) oi - exp 



r 1(0^1 
_ 2 ^2 _ 



f{d\9) oc ^exp 



1 (d-0f 



cr^ 



if we omit all constant factors for ease of representation. Hence, 



(3.14) 



(3.15) 

(3.16) 



n{6)f{d\e) oc ^exp 



r_l f {9-pf 

. n 



( d ^\1 

J. 



(3.17) 



It is easily verified that 



+(0 - h )2 + e{d - ef = (+ + e) (^9 - 



cr^eid-pf 

(3.18) 



^^This is generally the case in the Quick Response models described in Sec- 
tion 2.2.2.2 that primarily try to update the mean of the demand distribution of 
a certain product. 
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Hence, m{d) satisfies the following relation: 



+ 00 




— 00 



+ + + / 



oc 



+ 2 + ^ 2 ) 1/2 



2+2 + +)_ ' 



2 



jd-F) 

2+2 + +) 



(3.19) 



which can be clearly recognized as belonging to a N(/t, + + + ) distribution. 

Thus, the first source of uncertainty in our model captures the uncer- 
tainty about the unknown mean 6 at time 0, i.e., tc{6), which is N(/r, +) 
distributed. The other one concerns the uncertainty resulting from the inho- 
mogeneity of the potential buyers. In other words, even if we knew the true 
mean of the performance requirements in the market, the performance re- 
quirements varies among the different customers, i.e., f{d\9) = N{d\6,cr^). 
Hence, we obtain the total uncertainty in our model as Var{d) — Var(0) + 

E(+) = + + +■ 

These two levels of uncertainty are represented by the just derived 
marginal distribution of market performance requirement at time 0, m{d). 
This distribution is also sometimes called prior predictive in the Bayesian 
analysis literature since it summarizes our information concerning the (un- 
observed) market performance requirement d prior to the sample informa- 
tion. We will use both terms interchangeably. 

In order to determine the posterior predictive market performance re- 
quirement distribution, we need to determine the posterior distribution of 
the unknown mean 6 first. Since we will hardly update our beliefs based 
on a single observation, we have to deal with a sample of n indepen- 
dent observations z = d\,...,dn. Generally, one would obtain the likeli- 
hood function f{z\6) as YVl=i f{di\6)- From Definition 3.1 we know, how- 
ever, that T(z) = d — Ym=i is sufficient for 6, so that we can use 
f(dj0) = N(djd,(7'^/n) instead for our analysis. The following proposition 
defines the posterior distribution of 9: 

Proposition 3.2. Suppose the performance requirements of the customers in the 
target market follow a normal distribution with unknown mean 9 (9 £ ?R) and 
known variance + (cr > OJ and z = di,d 2 ,. ■ - ,dn denotes a random sample of 
n independent observations of market performance requirements. If one has prior 
information about the mean inform of the following normal distribution n{9) = 
N{9\p,f^) (/r G 5R, ^ > 0), the posterior distribution of 9 given actual data z = 
di,d 2 , . . . ,d„ is then given bp tc{9\z) — N {9\p' , cr'^) where 



I + nffd 

^ Cr2 + n+ 



(3.20) 
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and 



(j2 + ■ 



(3.21) 



Proof. It follows from Bayes' theorem that tc{6\z) oc f{di, . . . ,dn\0)n(9). The 
likelihood function satisfies the following relation: 



f{di,. . .,dn\9) oc 



1 

— exp 
cr 



1 

■^2 






i=i 



(3.22) 



We can further show that 

j^idi - O f = J2^di - d-f + 2j2{di - d){d- e) + - O f 

i=l i=l i=l i=l 

n 

= n{d-ef + J2{dt-df (3.23) 

! = 1 



since — d) =0. 

With Eq. 3.23 we obtain - if we only look at factors that involve 6 ^ - 
for the likelihood function 



/(di,. . .,d„|0) oc exp -^{0-df 



and for the prior distribution of 6 
n{6) oc exp 

Hence, 






(3.24) 



(3.25) 



n{e\z) oc f{di,...,dn\O)n{0) 
oc exp 



” - ^'2 1 fa 



-—i^e-dY-—^{o-ji) 



(3.26) 



Under consideration of Eq. 3.18, we obtain for the posterior distribution of 
0 given actual data z 



^^This is sufficient as only these factors determine the distribution tc(9\z) belongs 
to (cf. Berger 1985, p. 130 f.); all other factors can be included in the proportionality 
factor which is omitted here for ease of representation. 
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n{9\z) oc exp 



oc exp 



1 cr^ + \ ^ 

2 cr2^2 cr2 + „^2 ) 



1 

2cr'2 



(e-^f . 



(3.27) 



Comparing this relation with the definition of a normal distribution, we 
have Tt{9\z) = N{9\fi' 

Defining B = / we can rewrite the posterior mean as 



cP- /n 



(o-^/n) + ' (cr 2 /n) + ^2 






d = Bji + {1 - B)d 



(3.28) 



and the posterior variance as 

u'2 = (1 - B)cr^/n. 



(3.29) 



This representation shows that the posterior mean is a weighted average 
of the prior mean fi and the observed data value, which is summarized by 
the sample mean d. Since the weights are hereby inversely proportional to 
the variances, it follows that the larger the sample size n and the smaller 
the variance of each observation relative to - which corresponds to 
a vague prior information - the closer will be the posterior mean to the 
observed data d. The posterior variance, on the other hand, decreases as 
the number of observations increases. Thus, the posterior mean combines 
the subjective prior information with the observed data and provides with 
these two sources of information an increased precision of 9. 

Based on these considerations, we obtain the following posterior predic- 
tive market requirement distribution for our model: 

Corollary 3.1. Suppose the uncertainties are given as specified in Proposition 3.2. 
After the update with the actual data z — di,d 2 ,...,dn obtained from the 
follow-up study, the model of market performance requirement at time r is then 
a normal distribution with mean p' and variance p-fnPa'^, i.e., m{d\z) = 
N{d\p' ,p- /n + cr'"^). 

Proof. It follows in direct analogy to the proof of Proposition 3.1 under con- 
sideration of Proposition 3.2. We know from Proposition 3.1 that the prior 
marginal distribution is given as m{d) = N {d\p, cP + ^'^) if the unknown 
mean is normally distributed, i.e., n{9) = N {9\p, , while the variance 

is known. The update of the initial estimates about 9 with the additional 
sample z results a posterior distribution of ti{9\z) = N{9\p' i.e., the 
mean changes from p to p' and the variance from to cr'^ (Proposition 3.2). 

We further know that the posterior marginal distribution of the market 
performance requirement d is defined as 
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-|-CX) 

i{d\z) = J n{6\z)f{d\9)d6, 



where 

7r(0|z)ocexp (3.31) 

and 

f{di,...,d„\e) cx exp (3-32) 

if we only look - for ease of representation - at factors that involve 6. 

Under consideration of Eq. 3.18 and the results of Proposition 3.2, the 
following relation holds for m(d|z): 




Comparing this result with the definition of a normal distribution, we 
have m{d\z) = N{ji',(r^/n + cr'^). 



Thus, the posterior variance of the predictive believe distribution for a 
single observable consists, similar to the prior marginal distribution, of two 
elements (cf. e.g., Iyer and Bergen 1997): Var{d\z) = Var{6\z) + E{cr^\z) — 
+ cr^/n. It summarizes our information concerning the market perfor- 
mance requirement d after having observed the data from the follow-up 
study z. 



3. 2.2.2 Multidimensional Case 

In the derivation of the market performance requirement update, we have 
solely been concerned with a single product attribute so far, i.e., a single 
dimensional performance parameter. If we consider k performance parame- 
ters in the valuation of a new product development project as presented in 
Section 3.1.5, we need a multivariate Bayesian estimation of the unknown 
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mean vector 9 = (0i, 02,..., 0k )' The approach is similar to the univariate 
case and thus, straightforward. 

Once again, we assume that the performance requirements in the tar- 
get market are normally distributed. All samples are therefore taken from a 
nonsingular, fc-dimensional multivariate normal distribution, where any ob- 
servation X will be a fc-dimensional, continuous random vector whose value 
X will be an element of The mean vector 9 will also be fc-dimensional and 
the variance matrix Z will he ak x k symmetric, positive-definite matrix. 

Proposition 3.3. Suppose the performance requirements of the customers in the 
target market follow a normal distribution with unknown mean vector 9 (9 E 
and known covariance matrix E (L is a k x k symmetric, positive-definite matrix) 
and z = d\, d 2 , ■ ■ ■ ,dn denotes a random sample ofn independent (k-dimensional) 
observations of market performance requirements. If one has prior information about 
the mean vector inform of the following multivariate normal distribution rc{9) — 
Nk{9\p,A)(ftE^KA isakxk symmetric, positive-definite matrix), the posterior 
distribution of the mean vector 9 given actual data z is then given by rc{9\z) = 
Nk{9\fi>^,Ef) where 



yP = {E + nA)-\Efi + nAz) (3.34) 

and 

ZP = (A“i (3.35) 

Proof. The proof follows in analogy to the proof of the univariate case as 
provided for Proposition 3.2. The likelihood function satisfies the following 
relation: 



fn{di, d 2 , . . . , dn\9) cx exp 



-x^(di-9)'E-\di-9) 



i=l 



(3.36) 



Since 

n 

Y,{di-9yE-\di-9) 

i=l 

n 

= - ~dyE~^{di -d)+ n{9 - dyE-\9 - d), (3.37) 

i=l 

we can rewrite relation Eq. 3.36 - if we only look at factors that involve 9 - 
as 

^®Note that 0' denotes in the multidimensional case a transposed vector. Posterior 
values will therefore be denoted by superscript p, e.g., ^P. 
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fn{di,d2,---,dn\0)(xexp — ^(0 — ^{6—d) . (3.38) 

The prior distribution of the mean vector satisfies the following relation: 

7r(0)ocexp — — . (3.39) 

Based on Bayes' theorem that n{9\z) cx fj^{d\,d 2 ,- ■ . ,d„\9)n{9), we obtain 
the following relation for the posterior distribution of the mean vector: 

7t(0|z) cx exp —^{9 — ]4yA~^{9 — fi) — ^{9—dynL~^{9 — d) .(3.40) 

However, in analogy to Eq. 3.18, it can be shown that 

(0 - fiyA~\9 - /r) + (0 - dynL-\9 - d) 

= (0 - f y{A-^ + nL~'^){9 - fi^) + (0 - d)'(A-i + nL-^){9 - d), (3.41) 
with 

= (li + nA)~^{Lfi + nAd) 

= (A-i + ni;-i)-i(A-> + nl,-^d). (3.42) 

Thus, Eq. 3.40 can be rewritten as 

7r(0|z) oc exp — ^(0 — ;/P)'(A“^ + wZ“^)(0 — /iP) , (3.43) 

which corresponds to the density of a multivariate normal distribution with 
the mean vector and covariance matrix as specified above. 

3.2.3 Variance Update 
3.2.3.1 General Properties 

In the previous section, we considered the case that the firm has uncertainty 
about the mean only, while the variance of the market performance require- 
ment distribution is known. In what follows, we shall consider the opposite 
case where the company has uncertainty about the true variance while the 
value of the mean can be specified. The market performance requirement 
uncertainty in our model can thus be specified as follows: 

Proposition 3.4. Suppose the performance requirements of the customers in the 
target market follow a normal distribution with known mean p (p E W and un- 
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known variance (cr > 0). Suppose further that the prior distribution n(cP-) is 
inverse gamma distributed, i.e., (a > 0, f > 0).^^ 

Then our model of market performance requirement at time 0 is t distributed, 
i.e., 

m{d) — St{d\p,{af)~^,2a). (3.44) 

Proof. The predictive belief distribution of the market performance require- 
ment d is defined as 



+ 00 



m{d) = J n{o'^)f{d\cr'^)d(r^. 



where 



and 



7T(+) 



( + )''+! [ /3+J 



f{d\cr^) oc lexp 






if we omit all constant factors for ease of representation. Hence, 
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cr 



7r(+)/(d| + 

and we obtain the following relation for m{d)-. 

+ 00 
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exp 






-l-ot 

i{d) oc J 
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-1-3/2 



1 



1-F 



foc{d — p) 
7m 



21 



f>a2 2 ct2 
2a+l 



{d-pf 



dcr^ 



(3.45) 

(3.46) 

(3.47) 

(3.48) 



(3.49) 



which corresponds to the density function of a St{p,{af) ^,2a) distribu- 
tion. 



The determination of a posterior density of 6 is generally rather difficult 
since most integrals can only be evaluated numerically. In Bayesian statistics 
one frequently chooses therefore, as mentioned earlier, a prior distribution 
for which the posterior distribution can easily be determined. These so- 
called conjugate priors are selected in such a way that they are conjugate to 
the likelihood f{z\9). This approach has the property that the posterior dis- 



3®This prior distribution is chosen as it is conjugate to the selected likelihood 
function. See the subsequent discussion for defails. 
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tribution belongs to the same distributional family as the prior distribution 
regardless of the sample size n and the observed sample data. 

We will apply this property here. If we thus look at the density function 
of the normal distribution as a function of the variance we can detect a 
proportionality to exp {—b/ {a and b representing constant terms), 

which resembles in fact the density function of the inverse gamma distri- 
bution (see Appendix A. 1.3). Based on this consideration, we can determine 
the posterior distribution of the unknown variance as follows: 

Proposition 3.5. Suppose the performance requirements of the customers in the 
target market follow a normal distribution with known mean p (p E and un- 
known variance cr^ (cr > 0) and z = d\,d 2 , ■ ■ ■ ,d„ denotes a random sample of n 
independent observations of market performance requirements. If the prior distribu- 
tion of the variance is an inverse gamma distribution, i.e., n{cr^) = IG{o'^\cc, f ) 
(a > 0, f > 0), the posterior distribution ofcr^ given actual data z — di,d 2 , ■ ■ ■ , d„ 
is then given by n{cr^\z) = IG{(r^\ix.' , f), where 

a' = a (3.50) 

and 

n -| -1 

l + ■ (3.51) 

S ^ i=l 

Proof. It follows from Bayes' theorem that n{cr^\z) oc /(di , . . . ,dn\cr^)7T{cr^). 
The likelihood function satisfies the following relation: 

f{di,...,d„\cr^) ex , 2 W 2 (3.52) 

^ ' I i=l 

and the prior distribution of cr^ is given by 

^(^)“(^^exp . (3.53) 

Hence, we obtain for the posterior distribution of given actual data z 
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Comparing this relation with the definition of the inverse gamma density 
function (Appendix A.1.3), we can see that Tc{cr^\z) is IG{a! distributed. 

Our model of market requirement uncertainty given the additional in- 
formation can thus be determined as follows: 

Corollary 3.2. Suppose the uncertainties are given as defined in Proposition 3.5. 
After the update with the actual data z = d\, d 2 , ... , d„ obtained from the follow-up 
study, the model of market performance requirement at time r is then t distributed, 
i.e., 

m{d\z) = St (^d\p, [tx' f') ^,2a + n^. (3.55) 

Proof. It follows in direct analogy the proof of Proposition 3.4 under con- 
sideration of Proposition 3.5. We know from Proposition 3.4 that the prior 
marginal distribution is given as m{d) = St{d\p, if the unknown 

variance is inverse gamma distributed, i.e., n(cr^) — lG{o'^\a, f), while the 
mean p is known. The update of the initial estimates about with the ad- 
ditional sample z results a posterior distribution of 7r((J^|z) = IG{cr^\a' , j3’) 
(Proposition 3.5). 

We further know that the posterior marginal distribution of the market 
performance requirement d is defined as 



+ 00 

i{d\z) = / n{o^\z)f{d\o-^)do^, (3.56) 



where 



and 



7r(cr2|z) 



/(di,...,d„|+) 



(^2)a'+l 



exp 









exp 






i=i 



(3.57) 



(3.58) 



if we omit all constant factors for ease of representation. 

Under consideration of Proposition 3.5, the following relation holds for 



+ 00 



m{d\z) 



(^2)«'+3/2 L ^/^2 2+ 

2x'+l 






dcr^ 



1 + 



f'xfd — p) 



2l ■ 



(3.59) 
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Thus, the posterior marginal distribution is f distributed with mean 
variance (a^/30 ^^id (2a + n) degrees of freedom. The n additional 
degrees of freedom hereby result from the sample of size n, i.e., z = 
di,d2, ■ ■ ■ ,d„. 

Simple algebra also shows here again that the uncertainty of the pos- 
terior predictive believe distribution for a single observable complies with 
the expected value of the posterior distribution of i.e., Tx{cr^\z), namely 
Var{d\z) = Var{}i\z) + E{cr^\z) = — 1)]”^- 



S.2.3.2 Multidimensional Case 

The generalization of this case, where we know the mean vector but not the 
covariance matrix of the multivariate normally distributed performance re- 
quirements, directly follows from Proposition 3.5. In the subsequent propo- 
sition, the reciprocal of the Wishart distribution (the inverse Wishart) repre- 
sents the generalization of the inverted gamma distribution (cf. Carlin and 
Louis 2000, p. 328). To avoid the rather awkward inverse Wishart distribu- 
tion, one could alternatively derive the results for the precision^^ rather than 
for the covariance matrix, which is generally more convenient. For reasons 
of consistency, however, we will stay with the former distribution. 

Proposition 3.6. Suppose the performance requirements of the customers in the 
target market follow a normal distribution with mean vector and unknown co- 
variance matrix Y and z = d\, d 2 , ■ ■ ■ , dn denotes a random sample of n indepen- 
dent (k-dimensional) observations of market performance requirements. If one has 
prior information about the covariance matrix Y, i.e., n{tp), inform of an inverse 
Wishart distribution with covariance matrix L and a. degrees of freedom (L is a 
k X k symmetric, positive-definite matrix, a > k — 1), the posterior distribution of 
tf given actual data z, i.e., n{'ip\z), is then an inverse Wishart distribution with 
covariance matrix Lf and x + n degrees of freedom, where 



-1 






(3.60) 



i=l 



Proof. The proof follows in analogy to the proof of the univariate case as 
provided for Proposition 3.5. The multivariate normally distributed likeli- 
hood function satisfies the following relation: 



fn{di,d2,...,dn\tp) oc \tp\ 



-n/2 



exp 






i=l 



, (3.61) 



^^The reciprocal of the variance is called precision. 
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where | • | denotes the determinant of a matrix. Since the exponent of the e 
function in relation Eq. 3.61 is a real number and hence, a 1x1 matrix, the 
following holds: 



1=1 

= tr ■ 



, 1=1 



--1 

n 

- fiY {di - fi) 



1=1 



(3.62) 



where fr(-) denotes the trace of a matrix argument.^® 

The prior distribution of the covariance matrix ip satisfies the following 
relation: 



n{f) cx |j/i| 



(* ^ ^)^^exp 






(3.63) 



Based on Bayes' theorem that 7 t(^|z) oc f^{d\,d 2 , . . . ,d„\xp)n{xp), we obtain 
the following relation for the posterior distribution of the mean vector: 



7T (t/l|z) 

CX |t/i|-(*+”-*^-i)/2exp 




Y^{di-p)'{di-ji) ip 1 



(z-V) 




n 

L-^ + J^idi-fiYidi-fi) 
1=1 




(3.64) 



which corresponds to the density of a inverse Wishart distribution with the 
mean vector and covariance matrix as specified above. 

So far we have considered two special cases where the firm always has 
uncertainty about just one parameter of the market requirement distribu- 
tion (either the mean or the variance), while the other one is assumed to 
be known. In the next section, we will relax this limitation and provide 
the general model that captures uncertainty about both the mean and the 
variance. 



3.2.4 Mean and Variance Update 
3.2.4.1 General Properties 

The most common case is the one where the company has some uncertainty 
about both the true mean and the true variance of the market performance 



®®For a definition, see Bronstein et al. (1999, p. 251), for example. 
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requirement distribution prior to the start of a development project. This 
implies that management can neither specify the mean nor the variance 
with high precision. However, the company will generally have some prior 
information about both moments obtained, for example, from initial mar- 
ket studies, previous projects, or expert opinions. This case can therefore 
be regarded as a combination of the two previous ones with the follow- 
ing sources of uncertainty in our market performance requirement model, 
specified in the subsequent proposition. 

Proposition 3.7. Suppose the performance requirements of the customers in the 
target market follow a normal distribution with unknown mean 6 (d £ ?R) and 
unknown variance cr^ (cr > 0). Suppose further that the joint prior distribution of 
the mean and the variance is n{6,cr^) = 7ri(0|cr^) 712 ( 0 "^), where rci(9\cr^) is a 
N{p,v(f^) density (p £ iR,v > 0) and TCi(cP-) is an lG{(x.,f>) density (a > 0, f > 
0 ). 

Then our model of market performance requirement at time 0 is t distributed, 
i.e., 

m{d) = St (^d\p, ^ ,2ot^ , (3.65) 

with E{d) = y and Var(d) = Var{9) + E(u^) = {a-i)p 

Proof. The predictive belief distribution of the market performance require- 
ment d is defined as (cf. Bernardo and Smith 2000, p. 378 f.) 



+ 00 +00 



m{d)^ // f{d\9,o-^)n{9,cr^)d9d(r^. (3.66) 



-CO 0 



The likelihood function satisfies the following relation: 



f{d\9,a^) cx ^ exp 






(3.67) 



We further know that 



7r(fl|+) oc - exp 



2v+ 



{9-yf 



(3.68) 



and 



so that we obtain 



n{cr^) a 



(+)“+! L ' 



(3.69) 



^®For the marginal density function of 0, 7r(9), see Corollary 3.3. 
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n{d\6,cr^)n{6,(r'^) cx 
oc 



1 

(cr2)a+2 

1 

(^2)a+2 



exp 

exp 



r(d-0)2 

2(t2 



2vcr2 




^ [i/(d - 0)2 + (0 - ^)2 



1 ■ 
/5ct2 
(3.70) 



Under consideration of Eq. 3.18, the density function of the prior predictive 
believe distribution can be specified by relation 



+ 00 +00 






-CO 0 
1 

7+J 



( ct 2)“+2 

dOdcr^ 



exp 



v + 1 

2i/+ 



0 - 



vd + }i 
v + 1 



f ^ 


■ 1 ■ 


J (p- 2 )«+ 3/2 


2 +(t/ + l) / 3 + 



dcP' 



{a-fY I 1 

[ 2 +(t/ + l) ^ 



. 2 q :+1 



1 + 



2»+l 

1 a/3(d — /r)2'l 2 

2a V + 1 



jd-Ff 

2 +(v + 1 ) 



(3.71) 



which resembles the density function of a St{}i, l^,2a) distribution. This 
proves the first statement. 

We know by definition that 



Var{6) = 



lav 

(2a-2)a^ 



(3.72) 



and 



Thus 



E(+) = 



Var{0) + E{cn) = 



/ 5 (a-l)- 
v + 1 



(a-l )/5 



(3.73) 

(3.74) 



which corresponds to the variance of the market performance requirement, 
Var{d), and the second statement is proven. 



In order to determine the posterior value of the unknown mean and 
variance, we will assume again the already known appropriate conjugate 
priors for these two unknown quantities. The next proposition specifies the 
corresponding posterior distributions. 
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Proposition 3.8. Suppose the performance requirements of the customers in the 
target market follow a normal distribution with unknown mean 6 (6 £ ?R) and 
unknown variance (a > OJ and z — d\,d 2 , ■ ■ ■ ,d„ denotes a random sample of 
n independent observations of market performance requirements. Suppose further 
that the joint prior distribution of the mean and the variance is 

Tz{e,a^) = ni{e\cr^)Tt2{cr^), 



where 7Zi{0\cr^) is a N{p,vcr'^) density (p £ ?R,v > 0) and n 2 icP-) is an IG{oc, f ) 
density (a > 0,f > 0). 

The joint posterior distribution of 6 and given actual data z = di,d 2 , ■ ■ ■ ,d„ 
is then given by 

n{6,cr^\z) = ni{ 0 \a^,z)n 2 {cr^\z), 



where 



with 



and 



with 






F 



I y + nvd 



nv + 1 
7T2((r2|z) = IG [cP-\i^ + 






1 1 

^ + 2 



- d f 



i=l 



n{d — yf 
2(1 + nv) 



-1 



(3.75) 

(3.76) 

(3.77) 

(3.78) 



Proof. We know from Bayes' theorem that the joint posterior distribution of 
0 and given data z satisfies the following relation: 



n{0,(r^\z) cx f{di,. . . ,dn\0,£^)7r(0,cr^). (3.79) 



Since the observations d, are independent, the likelihood function can be 
determined as 



f(di,. . .,dnj0,cr^) = f(di\y,a^) x ... x f{d„\y,cp-) 
and the following relation holds 



f{di,...,dn\0,a^ 



( 0 - 2)«/2 



exp 






! = 1 



(3.80) 



The joint prior distribution of 0 and satisfies the following relation: 
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(^2)«+3/2 






(3.81) 



Hence, the joint posterior distribution of d and cr^ given actual data z 
di, d 2 , ■ ■ ■ ,d„ can be written as 



(^2).+3/2+./2 



2vcj2 



vJ2idi-0)^+{O-fiY 



i=l 



With 

n n 

'^{dj - &f = n{d- e f + '^{dj - df , 
i=l i=l 

from Eq. 3.18 and 



1 

/3(j2 

(3.82) 



nv{d — OY + (0 — }iY — + 1) ~ 



nvd + }i\ nv{}i — dY 



m/ + 1 

from Eq. 3.23, we can rewrite Eq. 3.82 as follows: 



m/ + 1 



7t( 0, cr^|z) cx i exp 



nv + 1 
2va^ 



9- 



nvd + }i 
nv + 1 



exp 



Y,{di-dY 



i=i 



n{}i — dY 1 
2(nv + l) ^ J 



c< — exp 
cr 



nV + l,^ r.2 



2vcr^ 



io-YY 



exp 



1 

[ cr2^' 



((^2)ii;+/i/2+l 
1 

(■^2)a+n/2+l 



(3.83) 



where Y is defined by Eq. 3.76 and Y' by Eq. 3.78. 

The first two factors of the last expression are recognizable as belonging 
to the N(Yr y-^+Y distribution of n-[{6\cr^,z), while the last two factors 
correspond to the IG(a + n/2,f> ) distribution of n 2 {cr^\z). 



As seen in Proposition 3.8, we need the prior conditional distribution 
of mean 0 as a starting point for the update. While the determination of 
this conditional distribution is generally very difficult, it is much easier to 
estimate the key moments (i.e., mean and variance) of the corresponding 
marginal distribution and derive afterwards the key parameters of the con- 
ditional distribution. The prior marginal density of 9 is specified below. 

Corollary 3.3. Suppose the conditional distribution of mean 9, i.e., tci{9\o'^), is 
given as defined in Proposition 3.5. Then the marginal probability density function 
of 9 has the form 
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n{6) = St (^li, ^,2ay (3.84) 

Proof. For 0 G 5R, the marginal density function of 6 is defined by 

+ 00 

7t(0) = J n{0,cr^)dcr^, (3.85) 

0 

where 7 t( 0, + ) is defined as in Proposition 3.8. If we look only at the factors 
that involve 0, we obtain the following relation: 



+ 00 



7r(0) 



^0-2'jOc-\-3/2 



exp 



2vo-^^^ /3+J 



dcr"^ 



■( 0-^1 
2+v jS 

1 af>{6 — y.) 



_ 2u+l 
2-1 T- 



1 + 



2ol V 



(3.86) 



This corresponds to the density function of the f distribution with the pa- 
rameters given above. 

The following proposition specifies the corresponding posterior distri- 
bution: 

Corollary 3.4. The posterior marginal distribution of 6 is a t distribution of the 
following form 



7T(0|z) = St 







,2a. 



(3.87) 



Proof. Follows directly from Corollary 3.3 if we replace the parameters 
y,v,a, and f of the prior distribution 7 t( 0) with their posterior values as 
derived in Proposition 3.5. 

Based on these properties for the general case of uncertainty about the 
mean as well as the variance, we can derive the following property for the 
posterior predictive distribution of the market requirement: 

Corollary 3.5. Suppose the uncertainties are given as defined in Proposition 3.5. 
After the update with the actual data z — di, d 2 , . . . , d„ obtained from the follow-up 
study, the model of market performance requirement at time r is then t distributed, 
i.e.. 
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m{d\z) — St 




{y ^ + n){a. + \)f> 
v~^ + n + 1 



,2a + n 



(3.88) 



with E{d\z) = }i' and Var{d\z) = Var{e\z) + E{(r^\z) = ■ 

Proof. The proof of the first statement is straightforward. Since it follows in 
direct analogy the proof of Proposition 3.7 under consideration of Proposi- 
tion 3.8, we will only show the analogies between the prior and posterior 
predictive market requirement distribution. 

We know from Proposition 3.7 that the prior marginal distribution is 
given as ni{d) = St (^d\ji, if one has estimates about the unknown 

mean 6 and unknown variance in form of the following prior distribu- 
tions: 7ri(0|cr^) = N{9\fi,vcr^) and ^ 2 ( 0 '^) — lG{cr^\oc, f ). The update of these 
initial estimates with the sample z results in the following two posterior dis- 
tributions: 7ri(0|cr2,z) = N and n 2 {o'^\z) = IG (cr^|a-|- 

Thus, if we replace all prior parameters with the corresponding posterior 

values, we obtain a posterior marginal distribution with mean /r', variance 
-1 

, and (2a + n) degrees of freedom.^'^ This proves the first 

statement. 

We know by definition that 



v^l+n+1 



Var{6\z) 



2a + n 

(2a + n — 2)(v“^ + n)(a + n/2)f 



(3.89) 



and 



Thus 



E(a^) = 



1 

(a + n/2 — 



Var{9) + E(cr^) 



V ^ + n + 1 

(a + n/2 — l)(v“i +n)f 



(3.90) 

(3.91) 



which corresponds the variance of the market performance requirement, 
Var(d\z), and the second statement is proven. 



3. 2.4.2 Illustrative Numerical Example 

Before we provide the posterior market requirement distribution for the 
multidimensional case, we will illustrate the just derived general Bayesian 
updating mechanism with the help of a numerical example. 

^*^Pleas note that v' = and that the n additional degrees of freedom result 

from the sample of size n, i.e., z = d\,d 2 , ■ ■ ■ ,d„. 




3.2 Bayesian Updating 



73 



Table 3.1. Estimated moments of prior distribution 



Unknown parameter Moment Value 





E(0) 


0 


Mean 0 




Var{9) 


2 






2 


Variance cr 




Var{(r'^) 


5 



Consider the following setting: The performance requirements in the tar- 
get market are assumed to be normally distributed, but the company has 
some uncertainty about the true mean 6 and the true variance of the 
distribution. The prior distributions, which will reflect the available prior 
knowledge, are chosen from the corresponding conjugate families in order 
to reduce the computational effort for determining the posterior market re- 
quirement distribution. Thus, as specified in Proposition 3.8, the prior mean 
follows a normal and the prior variance an inverse gamma distribution. 

Let us further assume that the company estimates (e.g., based on experi- 
ence from previous projects, expert opinion, etc.) the mean and the variance 
of the two conjugate prior distributions as specified in Table 3.1. Based on 
this estimation, the firm can now specify the prior distribution by determin- 
ing the values of the corresponding parameters, i.e., and /3. 

Since n{(T^) is a distribution, which has according to Ap- 

pendix A. 1.3 an expected value of E(cr^) = p{cc-i) ^ variance of 
Var{a^) = fhe parameters of the prior distribution can then 

be determined as a = 2.8 and /5 = 0.28. 

With the help of the marginal distribution of 6 (Corollary 3.3), we can 
now determine the values of }i and v. From n(6) = St(0jfi, ^,2a) with 

2 

E(d) = /r and Var{9) — (see Appendix A.1.4) we obtain = 0 and 
t/ = 1. With this, we have all relevant parameters to specify the prior market 
performance requirement distribution of m{d) — Sf(d|0;2.6;5.6) as derived 
in Proposition 3.7. It has an expected value of E{d) = 0 and a variance of 
Var{d) = 4 (see Fig. 3.6). 

Assume now that the company conducts an additional market study at 
a given point in time during the development process to update its initial 
beliefs. Suppose for this reason that the marketing department interviewed 
n = 6 potential key customers of the product. The result of this study reveals 
that on average the customers in this sample require a performance of cf = 
1.5 with a spread of — d) = 2. 

Based on these findings, we can now determine the parameters of the 
posterior distributions for the two unknown quantities 6 and cr^. From 
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m{d\z) 




Market requirement d 



Fig. 3.6. Prior and posterior density distribution of market performance requirement 



Proposition 3.8 it follows that oc' = 5.8 and fi' — 0.18. With the help of the 
marginal posterior distribution of 6, tci(6\z), we can calculate the posterior 
mean and obtain fi' = 1.29. 

The posterior market requirement distribution is then t distributed, i.e., 
m{d\z) is a Sf(1.3;0.01;11.6) density, with an expected value of E{d\z) — 
1.29 and a variance of Var{d\z) = 1.33. Fig. 3.6 shows the posterior density 
distribution. The density distributions for the mean and the variance of this 
example are provided in Appendix C. 

S.2.4.3 Multidimensional Case 

The multidimensional case of an unknown mean vector and an unknown 
covariance matrix is just the generalization of the univariate case specified 
in Proposition 3.8. As we can see in the subsequent proposition, it largely 
resembles the combination of the previously described multidimensional 
cases. 

Proposition 3.9. Suppose the performance requirements of the customers in the 
target market follow a normal distribution with unknown mean vector 6 and un- 
known covariance matrix Y and z = d\,d 2 , ■ ■ ■ , dn denotes a random sample of 
n independent (k-dimensional) observations of market performance requirements. 
Suppose further that the prior conditional distribution of 6 when Y = tp, i.e., 
n{0\ip), is a multivariate normal distribution with mean vector ji and covariance 
matrix vA {p G v > 0, A is akxk symmetric, positive-definite matrix) and the 
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distribution of the covariance matrix Tc{ip) is a inverse Wishart distribution with 
covariance matrix E and a degrees of freedom (E is a k x k symmetric, positive- 
definite matrix, a > k — 1). 

The posterior conditional distribution rc{d\'ip,z) is then a multivariate normal 
distribution with mean vector 



F 



V — 



p + nvz 
1 + nv 



and covariance matrix 



r 





(3.92) 



(3.93) 



while the posterior distribution o/7r(^|z) is an inverse Wishart distribution with 
covariance matrix 



-1 



Ef ^ \ E 



-1 



Y^[di-d){di-dy 



i=l 



1 + nv 



{p-d){p-dy 



(3.94) 



and a. + n degrees of freedom. 

Proof. The proof follows in analogy to the proof of the univariate case as 
provided for Proposition 3.8. The likelihood function satisfies the following 
relation: 



fn{di, d2, . . 



d„\e,tp) a \tf\ ^/^exp 



1 

2 



J2idi-eytf-\d,-e) 

i=l 



(3.95) 



It follows from Eq. 3.37 and Eq. 3.62 that the following holds for the sum in 
the exponent of this relation: 



n 

'^(di — 6ytp~^(di — 0) = n{0 — dytp~^{6 — d) + tr{stp~^), (3.96) 
! = 1 



with 



n 

s = Y,(di-d}(di-dy. (3.97) 

! = 1 

The joint prior distribution of 6 and tf satisfies the following relation: 
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X |^|-(“-'^-i)/2exp ■ (3.98) 

It can further be shown that 

- {6 — }i)' {6 — ]4) + n{0 — d)' {9 — d) 

= {l+n){e- {f - ~d)'ip~^{}i - d) (3.99) 

and 

f^^(F-~dytp~\fi-d) = tr ,^^^{ji-~d)'{ji-d)xp-^ ,(3.100) 

with fd as defined above. 

We know from Bayes' theorem that 

n{e,il)\di,d2,...,dn) oc fn{di,d 2 ,- ■ ■ ,dn\9,1p)K{9,1p). 

Under consideration of Eq. 3.99 and Eq. 3.100, the following holds for the 
joint posterior distribution: 

7r(0,t/>|di,d2,. . .,d„) oc ||^|“i/2g^p | 

X ||,/,|-(“+”-'^-i)/2exp -lfr(ZP“V^) (3.101) 

where the expression inside the first set of braces resembles - when regarded 
as a function of 0 - the density function of a multivariate normal distribu- 
tion with the mean vector jd and covariance matrix as specified above. 
The function inside the second set of braces is proportional to the density 
function of an inverse Wishart distribution with the covariance matrix as 
defined above with oi + n degrees of freedom. 

3.2.5 Summary 

In this section, we have presented the Bayesian updating formulations re- 
quired for the derivation of our valuation model. Based on the assumption 
of normally distributed product performance requirements in the market, 
we have derived the corresponding prior and posterior (marginal) distribu- 
tions (stemming from conjugate families) that address not only uncertainty 
about the mean, which is the in the literature prevailing case (cf. Sethi et al. 
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2005, p. 9 ff.), but also about the variance, and about both the mean and 
the variance. Besides the distributions for the one-dimensional performance 
parameter case, we have also derived the updating formulations for the 
multidimensional case which, to the best of our knowledge, has not been 
addressed by any decision model in the area of operations management 
yet. This extension ensures the applicability of our model to real-life invest- 
ment problems and simultaneously addresses the criticism raised by Loch 
and Terwiesch (2005) regarding the limitation of the existing Bayesian up- 
dating models to product development settings due to the one-dimensional 
outcome space. 

The assumed conjugate relationship between the prior and the likeli- 
hood distribution allows us to describe the updated market performance 
requirement probabilities through a known distributional class. Any other 
distribution could have been chosen for the prior and the likelihood as well. 
This would, however, require significant computational efforts for the deter- 
mination of the posterior distributions. In addition, the posterior distribu- 
tions for the different cases of uncertainty would not necessarily belong to 
a common class of distributions anymore. Thus, without appropriate con- 
jugate priors, the Bayesian updating formulation would be quite complex 
which would solely complicate the analysis significantly without providing 
additional insights. 

3.3 Information Updating Valuation Model 

3.3.1 General Structure 

Based on the considerations of the previous sections, we are now able to de- 
velop the actual model for our decision problem by integrating the derived 
Bayesian updating formulation into the presented basic decision model. In 
contrast to the basic framework, which models solely the technical develop- 
ment uncertainty, we will take a second source of uncertainty into account, 
namely the uncertainty about the true market performance requirements. 
Consequently, we need to be able to incorporate prior knowledge about the 
performance requirements that can be reduced by a mid-term information 
update in a Bayesian manner with data obtained, for example, from an ad- 
ditional market study. The optimal managerial response in the remaining 
development periods will then be adjusted to the updated market require- 
ments in dependence on the actually realized technical performance level. 
By combining Bayesian updating with real options analysis, the model al- 
lows to determine the value of the project given the managerial flexibility 
to react to these two sources of uncertainty. We will further be able to quan- 
tify the value of the additional information on market performance require- 
ments and to determine the optimal timing of such an update. 
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The problem setting is similar to the one of the basic model. The com- 
pany faces the challenge to decide about an investment in a NPD project 
given the same managerial flexibility to react to technical development un- 
certainties. In contrast to the basic model, however, we assume that before 
the start of the project at f = 0, the company has besides technical un- 
certainty also some uncertainty about the true market requirement distri- 
bution. This results partly from the fact that customers often do not know 
themselves precisely at the start of a development project, which often has a 
duration of three and more years (cf. Cooper and Kleinschmidt 1994; Datar 
and Jordan 1997), what specific product performance they will need at the 
moment of the product launch. In addition, a perfect forecast is generally 
very expensive to obtain at this stage of the development process because 
it significantly requires more resources (e.g., manpower, earlier prototypes, 
expenses for additional market studies, etc.) than at a later stage in order to 
collect the necessary amount of information for an uncertainty reduction by 
the same level. 

We therefore assume, as described in Section 3.2, that the company starts 
at time f = 0 with some prior information about the mean and/ or variance 
of the market requirement distribution while being uncertain about its true 
shape. For the case that the mean 0 (0 G 3R) as well as the variance {cr > 0) 
is unknown, the market performance requirement at time f = 0 is then 
t distributed^^, i.e., m{d) = Thus, the expected terminal 

payoff is a priori given as 

n(x) = m + 0st(x)(M-m), (3.102) 

where <J’sf(x) denotes the f distributed cumulative probability function of 
m{d). The project value based on this initial market requirement informa- 
tion, denoted by {x), can be determined with the given backward re- 
cursion (Eq. 3.7). Although this value addresses all a priori known uncer- 
tainties, it still ignores the possibility and hence, the value of a later update 
of these initial beliefs with information obtained from additional market 
studies. We will denote this additional information or signal by z, its cost 
by 7 f, and the updating point in time by Thus, the investment deci- 
sion whether to start the project or not must be based on the project value 
which incorporates the value of a later market requirement update. As the 
later impact of the update is, however, a priori not known, the value of the 
project has to be determined in expectation of possible signal values. 



^^See Section 3.2.5 for details. 

Although the signal represents an entire data set, i.e., z = d\, . . . ,d„, we will - 
for ease of discussion - solely consider its most important moments, i.e., depending 
on the purpose of the update, the mean, the variance, or both. 
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Update of market 
requirement 



Prior distribution 

Posterior distribution 

Fig. 3.7. Relevant perspectives for determination of project value 



For the derivation of this expected project value, it is necessary to first 
define the project value given a certain signal z, i.e., Vf{x, z), before deriving 
the project value in expectation of a later update at stage t = r, denoted 
by This distinction also can be explained considering two different 

perspectives (see Fig. 3.7), namely ex post and ex ante. The former deter- 
mines the posterior project value Vt{x,z), i.e., the project value after the 
signal has been obtained. The latter determines the expected project value 
Vi^{x), i.e., the project value in expectation of a later update. We will draw 
on this distinction in the subsequent sections. 

3.3.1.1 Posterior Project Value 

Once the signal about the latest performance requirements in the market 
has been obtained, the prior market requirement distribution can be up- 
dated. The resulting posterior distribution m{d\z) determines the updated 
expected terminal payoff function of state x given the observed signal z: 

n{x,z) = m + 0sf{x,z){M — m), (3.103) 

where <J>sf(z, z) denotes the posterior t distributed cumulative probability 
function of m(d|z). 

Based on this updated payoff function, management can now revalue the 
project and determine the optimal managerial response for the remaining 

^^To complete this listing, recall that Vf (x) denotes the project value as determined 
with the basic model, i.e., without any updating possibility. 
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development stages. This is done in direct analogy to the project valuation 
of the basic model. Hence, the corresponding posterior project value that 
takes the obtained additional information into account can be formulated as 
a stochastic dynamic program (cf. Eq. 3.7) with the following value function: 

Vt{x,z) = max j-Cf(flf) + [l^f+1 {Xt+i{x,at,cot),z)] \ . (3.104) 

«t ( i + r J 

It can be solved with the standard backward recursion.^^ Based on this defi- 
nition, the posterior project value in expectation of an update can be derived 
next. 



3.3.1.2 Expected Project Value 

To determine the ex ante project value under consideration of managerial 
flexibility as well as the possibility of a market performance requirement 
update during the development process, we have to treat the signal as a ran- 
dom variable. We therefore assume that the signal z is a priori distributed 
according to a piecewise continuous density function / with a connected 
support Z C 3R. In other words, Z is the set of all possible values that 
the signal z may take. In absence of any additional information, the possi- 
ble signal values are symmetrically centered around the mean of the prior 
distribution, i.e., E[/(z)] = E(d). As explained before, this assumption is 
intuitive because in the presence of any additional information about a later 
market requirement drift, e.g., E[/(z)] > E{d), one would incorporate this 
information already in the prior distribution and adjust the managerial ac- 
tions correspondingly. 

In order to solve the described problem of the ideal updating point in 
time, we have to determine the project value based on the expected impact 
of the information update. The value function of the corresponding stochas- 
tic dynamic program is given as: 



Vt^x) 



(- 7 t + E,[Vt{x,z)] ^^(3105) 

[maxa, |-Cf(flf) + y^Eo, [Vl_^^{Xt+i{x, at,ajt))] | t < r,' 



where t G {1, ...,T — 1} denotes the possible points in time of the infor- 
mation update and Ez [Vt{x,z)] the expected project value with respect to 
the signal z. Vt{x,z) is determined by the above presented standard back- 
ward recursion (Eq. 3.104). Vj^(x) thus represents the real option value of 



^^Note that Vf{x,z) does not contain the expenses for obtaining the signal; they 
have still to be subtracted, i.e., Vf(x, z) — 7 t( 1 -f 
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the project that considers the optimal managerial response in expectation of 
a market requirement update at time t. 

We hereby assume that the information update can be conducted at any 
time f = T during the development process. Solely the updating costs will 
decrease over time, i.e., yti > 7f2 {h < h), as depicted in Fig. 3.8. In other 
words, the cost for obtaining almost perfect information is the higher, the 
earlier the study is conducted. The intuition behind this assumption is that 
early in the development process much more effort is necessary, more cus- 
tomers have to be interviewed in more depth, more thorough studies are 
required, etc. in order to obtain the same level of information as immedi- 
ately before the launch of the product when almost any customer knows 
what performance he actually requires. In addition, it is also the only possi- 
bility to model the fact that market studies generally become more precise 
towards the market launch of the developed product. The other conceiv- 
able assumption that the precision of the market studies increases over the 
development time is not feasible since real option valuation requires to con- 
sider all available information and hence, also this expected reduction of the 
market requirement variance, in the valuation of the project that is known 
at this point in time. The assumed cost structure therefore addresses this 
fact indirectly.^^ 

The decision problem is therefore to decide whether to update the initial 
beliefs about the market requirement distribution early in the development 
process at a higher cost, but with the possibility to take the appropriate 

similar assumption about the cost structure properties, for example, is made 
by Loch and Terwiesch (2005). 
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Update in t=I: 
Update in t=2: 



K (0) 









n(3,z,) 







r,(i.z.) 



n(3,z.) 




Update in t=T-1: 



Vo-'(0) 




•'s(2.5,z,) ^ n(3,z,) 



I',(-2.5,z,)<l n(-3,z, 



F,(2.5,zJ ^ n(3,zj 



F,(-2.5,z.)<U n(-3,z. 



Note; For better readability of the illustration, we abbreviate [Vt{x,z)] by Ex and 
present only the update of a single parameter. 

Fig. 3.9. Illustration of stochastic dynamic program for project value with update at 
time T 



counter measures early when these actions are still inexpensive and feasible 
or, to wait for a cheaper signal at the cost of a late and more expensive man- 
agerial response. Thus, management has to choose the optimal timing of the 
information update so that the corresponding present value of the project is 
highest. Details of this optimization problem are presented in Section 3.3.3. 

Fig. 3.9 provides a schematic illustration of the dynamic program for 
a decision problem with a one-dimensional performance state space. For 
ease of representation, the possible expected signal values are assumed to 
be one-dimensional, representing either additional information about the 
market requirement mean or the variance, and their probability function 
is discretized. In such a case, the expected project value is determined as 
follows: Ez [Vt{x,z)] = J2’i=i with Pi = 1- 

3.3.2 Value of Information 

Without an update of the market performance requirements during the de- 
velopment process, the company will choose at each of the finally realized 
technical performance states of the project the managerial action which has 
initially been regarded optimal based on the prior information. However, 
since the market requirements will most likely have changed since the start 
of the project, the prior managerial policy will also have become outdated 
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and will therefore be suboptimal. Hence, the expected project value based 
on the prior policy will be lower in absence of any updating costs than the 
one which considers the optimal managerial response to the latest informa- 
tion aggregated in the posterior market requirement distribution. To define 
a useful concept of the value of an information update, we have to deter- 
mine the posterior as well as the expected project values based on the prior 
managerial policy first. For this derivation, it is insightful to maintain the 
previously introduced distinction between the two perspectives, namely ex 
post, i.e., when the value of the signal is known, and ex ante, i.e., when the 
project value can solely be determined based on the expected signal. We 
will start with the former perspective. 

Let us denote the project value based on the prior managerial policy 
i.e., the optimal managerial actions determined for the prior market 
performance requirement distribution, as Pt {x) . If we follow the notation in- 
troduced in the previous chapter, then Pt{x,z) denotes the posterior project 
value (i.e., after the update of the market performance requirement distribu- 
tion with signal z) when the (generally suboptimal) prior managerial policy 
is applied. Its value can be determined with a backward recursion: 

P((x,z) = -Cf(fl£'”') + [Pf+i(Xf+i(x,4™’',cuO,z)] , (3.106) 

with the following terminal value as the starting point: 

Pt{x,z) n{x,z). (3.107) 

On the other hand, we know from Section 3. 3. 1.1 that the project value, 
which considers the optimal managerial response to the updated market 
requirement distribution, is given as: 

Vt{x,z) = max j-Cf(flf) + [U(+i(Xf+i(x,flf,cUf),z)] 

Thus, we can define the value of an information update similar to 
Marschak and Radnor (1972, p. 85 f.) as the difference between the max- 
imum project value given the optimal managerial response to the infor- 
mation update and the maximum project value one would achieve when 
applying the prior managerial policy. We will denote the value of the in- 
formation update, or short value of information, by l//(x, z). For any time 
t > T, this is equivalent to 

Vt\x,z) = Vt{x,z) - Pf(x,z). 



(3.108) 
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Note, while the real option value is always greater than zero, the project 
value obtained based on the prior managerial policy does not necessarily 
have to be positive. If the optimal action in a certain performance state xt is 
to abandon the project while it has been under the old market performance 
requirement forecast beneficial to continue or improve the project in this 
state, Pt{x,z) is negative. In any case, however, Vt{x,z) > Pt{x,z), so that 
the value of an information update is always positive, i.e., V!{x,z) > 0.^^ 
The update is therefore from an ex post perspective valuable if the cost 
of the update is less than the value obtained from the new information 
through a better managerial response in the remaining development stages 
of the project, i.e., < Vj(x,z). 

However, if we want to determine a priori the value of the update, i.e., 
the expected value of information, we have to consider the project values 
based on the expected signal values. In analogy to the previous section, we 
will denote with PJ (x) the expected project value for the at time t updated 
market performance requirement distribution if the prior managerial policy 
is applied. Its value can be determined as follows: 



Pj{x) 



Ez [Pt{x,z)] 



t = T 



(3.109) 

f < T. 



Hence, the expected value of information where t indicates the 

updating point in time, is then the value of 7( that makes Eq. 3.109 equal to 
Eq. 3.105. This is equivalent to the following equation: 

(E2[Vt(x,z)]-Pl(x) f = T 

[maxa, |-C((flf) + j^Eoj | - P/'(x) f < t. 

(3.110) 



Eor any time f < T, the expected value of information is equivalent to the 
discounted expected value at the updating point in time t, i.e., y/'^(x) = 
(l + r)-(^-^)t/./''"(x). 

Ex ante, the update of the market performance requirement is valuable if 
the expected value of the information update will exceed the corresponding 
cost for the update^^, i.e.: 



^^For a formal proof of this statement, see the proof of Proposition 4.11. 

^^The period in which the expected value of the information update will exceed 
the updating cost will be denoted by t. 
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+ (3.111) 

But note, this rule is only the necessary condition for an update of the 
market performance requirements. It ensures that the information update 
has in expectation at least a value that compensates the expenses for the 
acquisition of the additional information; otherwise, the update - from an 
ex ante perspective - will be not valuable at the particular period and hence, 
would have to be rejected. 

3.3.3 Optimal Updating Point in Time 

Besides the primary issue of determining the potential value of the infor- 
mation update, the other interesting question for management is the one 
regarding the optimal timing of the update. As stated before, the manage- 
rial dilemma is either to conduct an early update when the signal costs are 
still high, but many development periods remain to take the appropriate 
counter measures or to wait until the information becomes cheaper at the 
expense of a limited managerial scope due to the reduced time-frame. In 
addition, the costs of counter measures generally increase over time. 

Recall, represents the posterior value of the project in expectation 

of a market requirements update at time t. Hence, from the perspective of 
stage f, the optimal point in time for the update is the period for which the 
expected project value is highest (see Fig. 3.10)^®. Mathematically formu- 
lated, the optimization problem is as follows: 

Vf (x) = max Uf^(x), 0 < f < t < T, (3.112) 

T 

where t* denotes the optimal point in time for the information update. In 
case that there is more than one optimal updating point in time, one should 
update in the earliest possible period in order to have more flexibility to 
respond to contingencies. 

The only case of practical interest, however, will be the one from per- 
spective of f = 0, i.e.: 

yj-* (0) = max (0). (3.113) 

It is obvious that condition Eq. 3.111 must hold in any feasible state of 
this optimization problem. 



^^Note that this is only a schematic representation of the optimization problem. 
Depending on the other project parameters and cost functions, the expected poste- 
rior value function may have more than one optimum. 
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3.3.4 Multidimensional State Space 

The presented formulations of the information updating valuation model 
are based on a one-dimensional state space. In analogy to the previous sec- 
tions, we will supplement the multidimensional case by sketching the most 
relevant considerations if k product performance attributes are considered. 
The multidimensional formulation of the model hereby follows in direct 
analogy the one of the basic model as derived in Section 3.1.5 and the mul- 
tidimensional information updating formulations of Section 3.2. 

Instead of a single performance parameter, the performance state space 
is here modeled by a vector Xt whose elements Xj, . . . , Xj. represent the dif- 
ferent technical specifications or performance parameters of the project. The 
corresponding market performance requirements are assumed to be multi- 
variate distributed. For example, in case that management has uncertainty 
about the mean and the variance of the marginal distributions of the dif- 
ferent performance parameters, i.e., uncertainty about the mean vector 9 
and the covariance matrix Y, the market performance requirements at time 
t — 0 are then multivariate t distributed, i.e., ni{d) = St{d\}i, Thus, 

a priori, the expected terminal payoff is given as 

n{x) =m + 0st{x){M-m), (3.114) 

where 0st{x) denotes the multivariate f distributed cumulative probability 
function of m(d). 

These initial beliefs can then be updated later during the development 
process with the observed signal z = d\,d 2 , ■ ■ ■ ,dn whose elements d, con- 
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tain market performance requirement observations on the k performance 
parameters considered in the model. The resulting posterior distribution 
m{d\z) determines the updated expected terminal payoff function of state x 
given the observed signal z: 

n{x,z) — m + <Psf{x,z){M — m), (3.115) 

where denotes the posterior multivariate t distributed cumulative 

probability function of m{d\z). 

All derived value functions of the information updating valuation model 
for the one-dimensional state space, e.g., the posterior project value, the 
value of information, etc., can also be applied to the multidimensional case 
if the state variable x is replaced by the corresponding state vector x; all 
other variables have to be replaced by the corresponding vectors in the 
same way. For example, the function of the posterior project value which 
takes the observed signal z into account is now given as follows: 

Vt{x,z) = max|-Cf(flf) + [l^t+i {Xt+i{x, at,(Vt),z)] \ . (3.116) 

L ~T T J 

Thus, the general setup of the model allows to conduct the same analyses 
as for the one-dimensional case if the derived multidimensional Bayesian 
updating formulation is applied. It simultaneously increases the practical 
applicability of the model significantly. 

3.3.5 Summary 

In this chapter, we have developed a general valuation model for NPD 
projects that takes the managerial flexibility into account to respond to 
two sources of uncertainty: The technical development risk as well as the 
uncertainty stemming from performance requirement changes of the cus- 
tomers. Both uncertainty sources influence the final payoff of the develop- 
ment project. By allowing for a reduction of the market requirement uncer- 
tainty through an information update at one point in time during the devel- 
opment process, we explicitly consider the value of additional information 
in the project value. With this approach, we not only extend the model of 
Huchzermeier and Loch (2001), but also develop the first decision frame- 
work that combines statistical decision theory in form of Bayesian analysis 
with a real options framework for NPD projects. 

Our model further allows to determine the (expected) value of infor- 
mation which results from the adjusted managerial actions to the updated 
market requirement distribution. In case of an unforeseen change of the 
customer requirements, the managerial policy, which has been determined 
based on the initial estimates and beliefs, becomes outdated. If the counter 
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measures of this policy are still applied in the realized performance states 
of the project at the different development stages, albeit the requirements of 
the market have changed, project value is destroyed either through unnec- 
essary expenditures or missed opportunities. Finally, based on the defined 
range of possible signal values, the (in expectation) optimal updating point 
in time can be determined. 

The key characteristics of the model and its managerial implications for 
decision making in NPD projects will be analyzed in the subsequent chap- 
ters. 
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Model Properties 



Having developed a general valuation framework that combines Bayesian 
updating with real options analysis in the previous chapter, this chapter 
aims at analyzing the model and deriving properties in closed form. We will 
hereby study 1) how the project value changes if the uncertainty is reduced 
through an information update, 2) under which conditions it will be most 
beneficial to conduct an update, and 3), how the underlying cost structure 
influences the derived results. For the derivation of these properties it is 
insightful to maintain the distinction between the two perspectives (ex ante 
and ex post) as discussed in the previous chapter. We will start with an 
analysis of the corresponding properties of an information update once the 
signal is observed and hence, known. These results can then be applied 
to the analysis of the actual point of interest, namely model properties in 
expectation of a later information update. 

Most of these properties can be derived in closed form. However, for 
some aspects, the model behavior is case dependent, requiring the consid- 
eration of project specific characteristics, e.g., the underlying cost structure. 
For these cases, we therefore resort to a numerical study that will be pre- 
sented in Chapter 5. In addition, for ease of representation and in order to 
reduce the complexity of the proofs, we will limit our analysis to the one- 
dimensional performance parameter case. Due to the initially assumed a 
priori independence of the performance parameters, however, all properties 
and results remain valid for each particular dimension of the multidimen- 
sional case. 

The chapter is structured as follows: We start with a brief discussion of 
the (basic) model characteristics and then derive the properties of a market 
performance requirement update based on an observed signal. Afterwards, 
we analyze the corresponding effects in expectation of the signal, i.e., the 
properties of the expected project value, the expected value of information, 
and the optimal timing of the update. 
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Source: Adapted from Huchzermeier and Loch (2001) 

Fig. 4.1. Control limits of optimal managerial policy in basic model 



4.1 Basic Properties 

Our information updating valuation model, as presented in the previous 
chapter, builds upon an extended version of the real options valuation 
model developed by Huchzermeier and Loch (2001). For the following com- 
prehensive analysis and discussion of our model, it is indispensable to elu- 
cidate some properties of the basic model. In this section, we will therefore 
briefly summarize the relevant properties of the former authors and derive 
other properties that have not been explicitly addressed yet, but which are 
important for the later interpretation of the results. 

Huchzermeier and Loch (2001, p. 91) have characterized the optimal 
managerial policy for the presented stochastic dynamic program (cf. Eq. 3.7 
of Section 3.1.4) by three control limits as depicted in Fig. 4.1.“^^ Improve- 
ment is worthwhile in the middle where the convex-concave payoff function 
is at its steepest, i.e., L;,(f) > x > If the technical performance either 

exceeds the upper or falls below the lower limit, i.e., x > L„(f) or Lm(f) > x, 
the potential payoff increase is too small in order to justify the improvement 
cost at and it is optimal to choose continuation. However, if the expected 
payoff is so low that it does not compensate the continuation cost Cf, it is op- 
timal to abandon the project. This is always the case if x < Lrf(f). Note that 



^^Regarding the applicability of this proposition to our model, see the discussion 
in Section 4.2.1.2 and Appendix B. 
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O Reachable performance states based on the optimal 
managerial policy 

Fig. 4.2. Example of reachable performance range under optimal managerial re- 
sponse 



all control limits may be outside the range of the performance parameter 

This characterization of the model's optimal decision rule is important 
for the analysis of the underlying cost structure. Although we assume that 
the costs of the development project are given and hence, not a decision vari- 
able, it is still insightful for the later interpretation of the derived results to 
know how the underlying cost structure affects the project value. In particu- 
lar, the value of managerial flexibility to respond to new information largely 
depends on the structure of the improvement costs Kt- To analyze the impact 
of these costs on the project value, we have to differentiate the performance 
states regarding their reachability. Whether a performance state x at stage t 
can actually be reached depends on the optimal managerial actions selected 
in the performance states of all previous stages. As illustrated in Fig. 4.2, 
only the highlighted performance states are reached if management selects 
the determined optimal managerial actions in every state. Thus, in the final 
stage T, performance states x = —2 and x = — 1 are avoided if the optimal 
counter measures are taken in all previous periods f = 0, . . . , 3. 

If improvement is not the optimal managerial action for one of the per- 
formance states within the reachable range in a particular development 
stage, it is intuitive that an increase of the improvement cost of that stage 

®®For the presented model with the managerial option to improve the product 
performance by one level and a performance variability of N = 1, the range of the 
product performance x within the binomial lattice tree is [— 1/2, 3/2t]. 
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does not affect the overall project value. In case of the illustrated project in 
Fig. 4.2, for example, an increase of the improvement cost at period f = 3 
would not affect the project value Vo(0) since improvement is only optimal 
in performance state x$ = —0.5 which lies outside the reachable range. On 
the other hand, a decrease of the improvement cost may increase the project 
value since the number of performance states increases where improvement 
may be preferred over simple continuation of the project. Finally, the level 
of the continuation cost directly affects the project value, i.e., the higher 
the cost, the lower the project value. Simultaneously, the number of perfor- 
mance states where abandonment is the optimal managerial response might 
increase. 

Although these just described insights are very intuitive, we will briefly 
summarize them in the subsequent proposition. The intention is to make 
the intuition of these properties mathematically more precise. 

Proposition 4.1. Consider a project which has a strictly positive project value, i.e., 
Vo(0) > 0. In other words, if the optimal managerial actions are chosen in every 
performance state, there is a positive probability that the project will be launched in 
the market. Then, the following holds for changes of the underlying cost structure: 

1) The project value decreases if the continuation cost of any period is increased; 
2) in case that improvement is the optimal managerial action for a state x at period 
t that lies within the reachable performance range, the project value increases if the 
improvement cost of stage t is reduced; 3) if improvement is not optimal for any 
state within the reachable range, an increase of the improvement cost does not affect 
the project value, while a reduction may increase the project value. 

Proof. Consider two identical projects, V^(x) and Vf{x), of which the sec- 
ond one has higher development costs at stage f, i.e., either c\ < cj or 
xj < aj. 

In case of an increase of the continuation costs, the development costs 
of the first project in that stage are always lower than the one of the second 
project, i.e., c]{at) < cj{at), - regardless of the optimal managerial action. 
Thus, by definition of the project value, Vj-(x) > Vf(x). Since the continua- 
tion costs accrue in any performance state, (0) > V'q (0). 

Assume now that in both projects it is optimal to chose improvement 
in state x which lies within the reachable range. If while the con- 

tinuation costs are identical, i.e., c] — c^ = ct, we know that the following 
holds: 

yi(x) = -Cf -xj + [Vt+i {Xt+i{x,at,cvt))] 

> -Ct - a^+ [^'+1 (Xt+i(x,at,cvt))] 



(4.1) 
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Since x is within the reachable performance range, the corresponding value 
will be considered in the backward recursion and hence, Vj|(0) > V"q (0). 

However, if improvement of state x is the optimal managerial action but 
that state is outside the reachable performance state, then it is obvious that 
an increase of xt does not affect the overall project value, i.e., Vj| (0) = Vq (0) 
although Vj{x) > V^{x). If, on the other hand, the improvement costs de- 
crease, the following holds for the performance states where improvement 
is not the optimal managerial action: 

- aj + [^'+1 (Xf+i(x,l,o;f))] - [^f+i {Xt+i{x,0,cvt))] > 

~ + YYr^^ \^t+i (Xf+i(^/l/‘^t))] ~ YjY^^^ [^f+1 / 

(4.2) 

i.e., the difference between the value obtained under continuation compared 
to improvement increases if the improvement costs decrease. Thus, the im- 
provement region increases, i.e., the corresponding control limit Ly(f) in- 
creases while Lm{t) decreases. Whether this leads to an increase in the 
project value depends on the actual extent of the cost reduction and the 
payoff structure of the project since the model considers only discrete stages. 
This completes the proof of the statements above. 

For a given project setting, these results imply that the higher the in- 
crease of the improvement costs over time, the lower the value of manage- 
rial flexibility and hence, the lower the project value. An interesting ques- 
tion in this context is, whether it is beneficial to start with a more flexible, 
but also more expensive design, i.e., higher upfront investment cost Cq, that 
leads at the same time to lower cost for corrective actions at later stages 
of the development process, i.e., lower improvement cost at. The effects of 
such a change in the underlying cost structure on the project value can be 
summarized as follows: 

Corollary 4.1. Consider a project which has a strictly positive project value, i.e., 
Vo(0) > 0. Then the following holds for a reduction of the improvement cost at 
stage t (t > 0) by St (St > 0), i.e., at — St, at the expense of a corresponding 
increase in the investment cost at stage t = Oby Sq, i.e., cg + Sg : 

1) The project value Vo(0) increases if the necessary upfront investment is less 
than the (in terms of time value of money) probability weighted improvement cost 
reduction at stage t, i.e., 



t/2 

^0 < St{l + r)~^'^p{ax,t = imp), 

X=S 



(4.3) 
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where s denotes the lowest reachable state at period t and p{ax,t = imp) the proba- 
bility to reach the states where improvement is the optimal managerial choice. 

2) The following holds for the upper bound of the upfront investment cost, 

St(l + r)-^ = S~o>So, (4.4) 

i.e., for a positive impact on the project value Vo(0), the upfront investment cost 
can never exceed the corresponding time value of money of the improvement cost 
reduction. 

Proof. We know from Eq. 3.7 that the project value at time t = 0, i.e., Vo(0), 
can be determined by solving the corresponding value function in a back- 
ward recursive manner, i.e.: 

Vf{x) = max I -ct(at) + zr-^Eco [Vt+i {Xt+i{x,at,a)t))] \ , (4.5) 

at 1 -t r ) 



with Vt{x) = n[x). 

The resulting optimal managerial actions determine a reachable perfor- 
mance range within the lattice tree. The project value Vo(0) is only affected 
by an improvement cost reduction 5t at stage t if the optimal managerial ac- 
tion (after the cost reduction) is "improvement" in at least one of the reach- 
able performance states at this stage, i.e., ax,t = imp. Hence, the probability 
to reach these improvement states determines the expected value of the im- 
provement cost reduction at stage f, i.e., btjfx=s — imp). Discounted 
to f = 0, we obtain ^((1 -|- r)~'^J2^J2s = imp) which corresponds to 

the increase of the expected project value Vo(0). Thus, in order to be valu- 
able, the upfront investment has always to be less than the corresponding 
improvement cost reduction at stage t. 

For the better readability of the proof of the second statement, we de- 
note the period of the cost reduction as P. The probability of reaching the 
improvement states at period t' equals 100%, i.e., p{ax,t = imp) = 1, only 
for the following case: 



ax,t — 



improvement Vx in f = t' 
continuation Vx in f = 1, . . . , t' — 1. 



If improvement or abandonment is the optimal managerial choice in 
any state of stage t = 1, . . . , f' — 1, not all improvement states at stage t' 
are reached and hence, the expected value of the improvement cost reduc- 
tion at time f = 0 is less than Scjl + ?■)”* ■ This implies that the upfront 
investment cost can be at most the corresponding time value of money of 
the improvement cost reduction and the second statement is proven. 
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The aspect of lower improvement costs at later development stages 
through a more flexible design approach upfront will be especially impor- 
tant in the presence of high initial market requirement uncertainty where 
management needs to be able to address the customer needs even at late 
stages. Generally, early changes as well as a broader design that allows for 
flexibility are less expensive than late modifications of the almost finished 
product.^^ The general rule of thumb states that the costs of design changes 
increase exponentially over time (e.g., Zangwill 1992). Nevertheless, a flexi- 
ble design that allows for any contingencies of product performance adjust- 
ments at later stages does not necessarily have to be cheaper than late design 
changes. In this case, as the property above has shown, the higher upfront 
expenses for lower improvement costs at later stages are not compensated 
and thus, lead to a lower overall project value. But note, this proposition 
refers only to the basic model which solely considers the managerial re- 
sponse to technical uncertainty. Whether this paradigm changes in case of 
an uncertainty reduction possibility through a market requirement update 
will be analyzed in the next section. But before we turn to this issue, we will 
study at first the impact of an information update on the project value. 



4.2 Properties for a Specific Signal 

4.2.1 Posterior Project Value 

In order to understand the characteristics of the developed valuation model, 
it is insightful to study the impact of a specific signal z on the project 
value, i.e., Vt{x,z), in dependence on the achieved uncertainty reduction. 
The derivation of the corresponding properties will be in the focus of the 
subsequent analysis. The obtained insights will be helpful for the later anal- 
ysis of the project value in expectation of an update, i.e., In analogy 

to the derivation of the Bayesian updating formulation, we start with an 
isolated analysis of the base cases, a sole mean as well as a sole variance 
update, before discussing the impact of a simultaneous mean and variance 
update on the project value. Afterwards, we derive the properties for the 
value of information. 



®^This can be achieved, for example, through a modular product design or a de- 
velopment architecture that incorporates flexibility also in later product develop- 
ment stages, e.g., testing or manufacturing. For an overview of fhe laffer develop- 
menf techniques, often also referred to as 'design for X' techniques, see Huang and 
Mak (1998), for example. 
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Product Product 

Performance x Performance x 




Posterior expected payoff U (x,z) 



Fig. 4.3. Increased market performance requirement mean 



4.2.1.1 Mean Change 

The first interesting effect of a market performance requirement update on 
the project value is the one of a mean shift. Although we have seen in 
Section 3. 2. 2.1 that the update of the mean always simultaneously results in 
a variance reduction, the isolated analysis of a mean change is insightful for 
the interpretation of combined mean-variance effects. In the following, we 
will therefore study the impact of a pure, albeit hypothetical mean shift on 
the overall project value. 

For the derivation of the subsequent properties, we will consider two 
projects that only differ in one parameter of their market performance re- 
quirement distribution while all other model parameters remain constant. 
All functions, parameters, and policies of the second project will be denoted 
with the upper bar. We will further - and slightly deviating from our present 
notation - denote with Vt{x,}i) the project value of performance state x at 
stage t given a market performance requirement distribution with mean }i. 
Since we analyze a sole mean update of the market requirement distribu- 
tion, we denote the posterior project value by Vt{x, p) for this case. 

Intuition tells us that if the mean of the market requirement distribu- 
tion becomes larger while all other parameters remain constant, more of 
the reachable performance states x of the project lie in the convex region 
of n{x) (see Fig. 4.3). In this case, the project value Vt{x) decreases. More 
precisely, we can state the following proposition: 
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Proposition 4.2. The project value Vj {x) increases if p, the mean of the market 
performance requirement distribution, decreases. 

Proof. We prove by backward induction. Suppose we have two identical 
projects except for a different market performance requirement mean p and 
p with p < p. By definition of the expected payoff function, IJ{x,p) > 
n{x,p) and thus, Vt{x,p) > Vj(x,p). Now assume that 17f+i(x,^) > 
Vt+i{x,p). We need to show that Vt{x,p) > Vt{x,p). Let the optimal action 
for the project with expected market requirement phe a*. Assume that the 
same action is applied for the project with expected market requirement p. 
If Vj (x, p) denotes the corresponding project value under this assumption, 
we obtain: 



i O if fl* = abandon, 

[Vt+i {x + k{d*) + cvt, p) - if fl* = continue 
Lf+i (x + + (Uf, p)] or improve. 

In addition, Vf^i(x,p) > Vt+i{x,p) implies that 

Vf^i (x + k(d*) + cvt, p) — Vji+i (x + k(d*) + cvt, p) > 0. (4.6) 

Note that the expected value of a non-negative random variable is non- 
negative. Thus, the following condition holds: 

E [Vt+i (x + k{a*) + LOt,p) - 17f+i {x + k{a*) +cvt,p)] > 0, (4.7) 

and hence, Vj{x,p) — Vt{x,p) > 0. Since Vt{x,p) denotes the project value 
under the optimal action a* with a market performance requirement mean 
of p while Vt{x,p) considers only the suboptimal action a*, Vt{x,p) > 
Vj (x, p). Thus, it is obvious that Vfx, p) — Vt{x, p) > Vj (x, p) — Vfx, p) > 0 
and the statement above is proven. 

The increase of the market requirement mean results not only in a lower 
project value, but also in a decrease of the project's NPV. As the payoff of 
the reachable performance range decreases with an upward mean shift, the 
static strategy of the NPV criterion to choose continuation in every perfor- 
mance state also results in a lower value. This simultaneous increase, how- 
ever, makes it impossible to derive a general property of the option value 
OVf (x), i.e., it may in- or decrease if the market requirement mean increases. 
Thus, the portion of the managerial flexibility on the project value cannot 
be specified in general. 

Applying the property about a mean shift to our information updating 
valuation model, we can derive the following property: 
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Corollary 4.2. If the updating costs are negligible and the update of the market 
performance requirement distribution with signal z results solely in a mean shift 
while the variance remains (almost) constant w a^), the following property of 
the posterior project value holdsf^ If the update increases the market performance 
requirement mean, i.e., y' > y, the posterior project value is lower than its prior 
value, i.e., 

Vt{x,z) < vr°\x). (4.8) 

Proof. Follows directly from Proposition 4.2. 

In other words, an information update that results in an increase of the 
mean, i.e., the posterior mean is greater than the prior one, indicates that 
the initial estimation of the market performance requirement has been too 
optimistic and the determined prior project value has been too high. Thus, 
without an update, the company would have ignored the true performance 
requirement uncertainty in the market. This generally results in subopti- 
mal managerial counter measures for the remaining reachable performance 
states of the project and hence, to a lower overall project value. In the worst 
case, the company could have even misleadingly adhered to the project, 
albeit it would have never been profitable at all. 

4.2.1.2 Variance Change 

The second case of a market requirement update that we study is the impact 
of a sole variance change on the project value. We know from Santiago 
and Vakili (2005) that an increase of the market performance requirement 
variability does not lead to an unidirectional result of the project value if the 
expected market payoff function is convex-concave.^^ Only for the case that 
the reachable range of the project falls completely either on the convex or 
concave part of the payoff function (Santiago and Vakili call these projects 
convex and concave projects, respectively), the following property can be 
derived: 

Proposition 4.3. For a convex project, if market requirement variability increases, 
then the project value increases. On the other hand, for a concave project, if market 
requirement variability increases, then the project values decreases. 

Proof. See Santiago and Vakili (2005) [Theorem 4.3]. 

will maintain the notation of Section 3.2 and denote with cr^ the variance 
of the prior market performance distribution, while cr'^ indicates the variance of the 
posterior distribution. The same notation holds for the mean. 

^^Santiago and Vakili assume a normally distributed market requirement. Since 
the f distribution of the market performance requirement in our model satisfies the 
same strict convex-concavity of the normal distribution, their theorem also holds for 
our case. 
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Fig. 4.4. Decreased market performance variability 



However, if the variability of the product performance is limited to one 
performance state (i.e., N = Vp‘^, as we have assumed for our model, we can 
show that an increase of the market requirement variance leads to a unidi- 
rectional result and a general property can be established (see Appendix B 
for details). In this case namely. Proposition 4 of Huchzermeier and Loch 
(2001) holds, which states the following: 

Proposition 4.4. The project value Vt{x) decreases if a, the market requirement 
variability, increases. 

Proof. See Huchzermeier and Loch (2001) [Proposition 4]. 

Fig. 4.4 illustrates the intuition behind this property: The greater the 
market performance variability, the greater the probability mass that lies 
beyond the reachable performance range of the development project, and 
hence, the lower the value of the project. This result is somehow surprising 
and counter intuitive compared with the standard real options theory which 
states that an increased variability results a higher option value as the man- 
agerial flexibility allows management to utilize the upside potential while 
limiting the downside risk (cf. e.g., Trigeorgis (1996, p. 4 ff.)). This general 
intuition holds, however, only for the case when uncertainty is resolved be- 
fore a decision is made or any costs incurred. If uncertainty is reduced after 
all decisions are made, less variability leads - as the property above shows 



®'^See Section 3.1.1 for details. 
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- to a higher value of managerial flexibility since more contingencies can be 
considered. 

The NPV of the project, on the other hand, remains unchanged when 
solely the uncertainty is reduced since the mean and the expected payoff 
are not affected by the update. Thus, in the special case of a pure variance 
change, the increase of the option value is identical with the increase of the 
project value (or vice versa), which is the case when the market requirement 
variability decreases (increases). In the extreme case, when the variance is so 
large that there is no expected payoff difference between the reachable per- 
formance states, the value of managerial flexibility vanishes and the project 
value becomes equivalent to the NPV, i.e., the optimal managerial decision 
in every performance state is to continue the project. 

Although we have a more general model formulation than the authors 
of the two cited papers above, their just described properties of the mar- 
ket requirement variability also hold for the properties of a pure variance 
update in our model. As derived in Section 3.3.1, the expected payoff in 
our model is given as I7(x) = m + <Pst{x){M — m). Since ‘Pst{x) is strictly 
convex-concave increasing in x, the convex-concavity requirement of IT(x), 
as assumed by Huchzermeier and Loch (2001), holds and their properties 
can be applied. 

In particular, if we apply Proposition 4.4 to our valuation model, we can 
derive the following property about the impact of a sole variance update on 
the project value: 

Corollary 4.3. If the updating costs are negligible and the update of the market per- 
formance requirement distribution with signal z results solely in a variance change 
while the mean remains constant, i.e., p' = p, the following property of the poste- 
rior project value holds: If the update decreases the market performance requirement 
variance, i.e., cr'^ < cr^, the posterior project value is higher than its prior value, 

Vt{x,z) > Vf"°\x). (4.9) 

Proof. We know from Proposition 4.4 that Vf{x) increases if cr decreases. 
Hence, a signal z which reduces the market performance variance increases 
the posterior project value, i.e., Vt{x, z) > vr°\x). 

Whether the update of the market performance requirement distribution 
leads to a variance decrease depends of course on the observed additional 
data. Since the company in this case has uncertainty about the true variance, 
it will not be able to specify its prior value very precisely. Thus, the prior 
variance in this case will be rather high and the variance of the sample data 
will rarely exceed the initial beliefs. Otherwise the quality of the follow-up 
study could be doubted. For the more realistic former case, however, the just 
derived property holds in general, i.e., Var(d) < Var(d\z) if ^ ^ 

nVar{d). 
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Fig. 4.5. Decreased market requirement mean and variance 



4.2.1.3 Mean and Variance Change 

The most general case is the one where the update of the market perfor- 
mance requirement distribution with signal z affects the mean as well as the 
variance. In contrast to the two previous scenarios, a simultaneous update 
of the mean and the variance does not necessarily lead to a unidirectional 
shift of the project value. Only if the mean as well as the variance decrease 
(see Fig. 4.5), we are able to state a general property: 

Proposition 4.5. The project value Vt(x) increases if p and cP- , the mean and the 
variance of the market requirement distribution, decrease. 

Proof. We know from Proposition 4.2 that the project value Vt{x) increases 
if the expected market requirement p decreases. The same is true for an 
increasing market requirement variability (Proposition 4.4). Since the prior 
distributions of the mean and the variance are assumed to be independent, 
the effects are additive and the project value has the described characteristic 
for an opposed, but unidirectional simultaneous drift of the mean and the 
variance. 

If, on the other hand, the mean increases while the variance decreases 
through the update of the market performance requirement distribution (or 
vice versa), only the following property can be derived: 

Proposition 4.6. If the increase in the mean is relatively small compared to the 
variance decrease, then there is a posterior variance a' such that for all a' < a' the 
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mean shift can he compensated and the project value remains constant or increases. 
A general unidirectional result for the project value when the mean increases while 
the variance decreases (or vice versa) cannot be established. 

Proof. Consider two performance requirement density distributions with a 
single maximum (e.g., the normal distribution) which have the following 
moments: means p and p' (p < p') and variances cr^ and (cP- > c/'^). 
Denote further with I7(x) and n'(x) the corresponding expected payoffs 
and with x and x the highest and the lowest reachable performance state 
of the project, respectively. Then in case of the normally distributed perfor- 
mance requirement density, PJ' (x) > J7(x) if cr' < u' = yzyP similar 
condition can be derived in case of a f distributed density distribution). 
Simultaneously, the expected payoff of the lowest reachable performance 
state increases as well, i.e., n'(x) > JT(x). Thus, if the mean and variance 
increase satisfy this condition, the expected payoff increases for all reach- 
able performance states and we can conclude by definition (cf. Eq. 3.7) that 
the project value increases as well, i.e., V( (x) > Vt{x). This proves the first 
statement of the proposition. 

However, if cr' > a' = (albeit cr' < u), the increase of the mean 

cannot be compensated. In this case, the project value decreases. Hence, no 
general property can be derived. 

The actual project value after a certain mean-variance change depends 
on the parameters of the model, in particular the underlying cost structure. 
Thus, for the analysis of such effects on the project value, we have to rely 
on a numerical study. 

In addition, the above derived findings also apply to the option value 
of the project. It is obvious that under the just discussed updating scenario 
no conclusion can be drawn about the value of managerial flexibility. As 
discussed in Section 4. 2. 1.1, a sole update of the mean results in an increase 
of the project value as well as of the static NPV so that the option value may 
in- or decrease. Thus, in the more complex case of a simultaneous mean- 
variance change, no general insight about the value of managerial flexibility 
can be derived either. 

If we apply the derived insights to our information updating valuation 
model, we can state the following property: 

Corollary 4.4. If the updating costs are negligible and the update of the market per- 
formance requirement distribution with signal z results in a unidirectional change 
of the mean as well as the variance, the following property of the posterior project 
value holds: If the update decreases the market performance requirement mean as 
well as the variance, i.e., p' < p and < a^, the posterior project value is higher 
than its prior value, i.e., 
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Vt{x,z) > (4.10) 

Proof. Follows directly from Proposition 4.6 

As stated above, for all other updating scenarios, no general property 
can be established. In practice, however, the direction of the mean drift will 
be in most cases the decisive factor for the change of the project value. 
Moreover, the direction of the variance change is known since the un- 
certainty will be in every realistic updating scenario reduced, like in the 
before discussed case of a mean update, for example. In this particular 
case, the variance of the performance requirement distribution will always 
decrease through the update, regardless of the impact on the mean, i.e., 
Var{d) = cr^/n + ^^ < o'^/n + a'^ — Var{d\z), since 
same holds for a simultaneous update of the mean and the variance if, 
as discussed in the previous section, the sample variance of the follow-up 
study does not exceed the prior variance. 

In summary, the posterior project value Vt{x,z) is the real option value 
of the project based on the updated expected payoff (determined from the 
with signal z updated market performance requirement distribution) under 
consideration of the optimal (adjusted) managerial response to the techni- 
cal development uncertainty. The before discussed effects of the underlying 
cost structure on the project value remain valid regardless of the posterior 
market requirement distribution and hence, of the payoff function. Solely 
the magnitude of the cost structure change impact on the project value will 
vary in case of a market requirement update. But this can only be deter- 
mined numerically. 

The change of the project value due to the updated market requirement 
information, however, states nothing regarding the benefit of the informa- 
tion update. To determine the conditions under which an update of the 
market requirements is most valuable, we have to analyze the value of in- 
formation. In addition, we will show that - counter to financial option pric- 
ing - investing more, e.g., in additional information to update prior beliefs, 
creates value. This runs counter to standard (real) option thinking. 

4.2.2 Value of Information 

The value of information is, as defined earlier, the difference between the 
project value obtained based on an optimal managerial response to the pos- 
terior market requirements and the one obtained if the prior managerial 
policy would have been applied. Thus, the larger the mismatch between the 
prior managerial policy and the optimal one, which is determined based on 



®®See Section 3.2.2 for details. 
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the updated market requirements, the larger the value of information. Re- 
garding the impact of the uncertainty reduction on the value of information, 
we can state the following proposition: 

Proposition 4.7. Consider a project which has a strictly positive project value, i.e., 
Vo(0) > 0, where the information update (at the expense of updating cost 'y-r) of 
the prior market performance requirement distribution results in a posterior mean 
p' and a posterior variance (cd^ < cP-). Then Vq{0,z), the value of informa- 
tion, increases if the posterior variance decreases; in other words, the higher the 
uncertainty reduction through the update, the higher the value of information. 

Proof. Consider two signals Zi and Z 2 that both result in a posterior mean 
p' but different posterior variances cdf and crlf with cP > cdf > crlf. The 
corresponding values of information are denoted by R/ (x, Zj ) and Vj (x, Z 2 ) . 

First, assume that the market requirement mean remains unchanged 
through the update, i.e., p = p' . We know from Proposition 4.4 and the 
subsequent discussion that the benefit of the managerial options decreases 
as the market requirement variance increases, i.e., Vt{x,zi) < Vt{x,Z 2 ). 
This simultaneously implies that the lower the posterior variance, the less 
suited will be the managerial actions based on the prior market requirement 
distribution afff'’ . Hence, the mismatch between the project value based 
on the optimal managerial response and the one obtained based on the 
prior managerial actions increases as the posterior variance decreases, i.e., 
Pt{x,Zi) > Pt{x,Z 2 ). 

Second, if the update - in addition to the variance reduction - also results 
in a mean shift, i.e., p' < p or p' > p, this effect will be enforced since in 
this case the prior managerial policy will even be less suitable than before. 
Thus, the following holds: 

max|-Cf(flf) zr^Ea, [Vt+i{Xt+i{x,at,CVt),Z 2 )] \ -Pt{x,Z 2 ) > 

i T J 

max |-Cf(flf) [Vt+i{^t+iix,at,cvt),Zi)]^ -Pf(x,zi) (4.11) 

and, by the definition of the value of information, V/(x, zi) < R/(x, Z 2 ). 
Hence, Vj (0,zi) < Vg^(0,Z2), which makes the proof complete. 

This result is particularly interesting for development projects with un- 
certainty about the market requirement mean. In the case of a pure mean 
update, the posterior variance depends, as mentioned before, solely on the 
ratio of the prior variance about the mean and the spread of the perfor- 
mance requirements among the customers in the target market. Hence, the 
uncertainty reduction can be easily determined upfront. 
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However, for a given uncertainty reduction, this property does not allow 
any inference about the dependence of the value of information on the prior 
uncertainty level, e.g., the lower the prior variance, the higher the value of 
information. Although, as seen in the previous section, the project value as 
well as the value of managerial flexibility will increase if the variance de- 
creases, the mismatch between the prior managerial policy and the optimal 
one does not necessarily increase. The latter effect depends highly on the 
actual project setting. Even the opposite might be true for low prior vari- 
ances. If the prior variance is already low and the signal primarily results in 
a variance reduction while the mean, for example, remains unchanged, the 
prior managerial policy might already be well suited for reaching the pos- 
terior market requirements. This does not need to be the case for a higher 
prior uncertainty even if the same uncertainty reduction is achieved. For 
this reason, we will study this effect in greater detail numerically. 

Similarly, the value of the information update in dependence of the re- 
alized performance state cannot be determined in general in absence of the 
actual project data. In analogy to the characteristics of the optimal man- 
agerial policy with the described control limits (Section 4.1), an interesting 
aspect from a managerial point of view is whether the update is more valu- 
able for certain performance states compared to others. Since an update of 
the market requirement distribution also changes the shape of the payoff 
function, the optimal managerial policy can only be determined in the pres- 
ence of the actual model parameters. Moreover, the resulting project value 
functions, one with an optimal managerial response to the updated market 
requirements and one based on the prior managerial policy, might have - 
although being both convex-concave - a different shape. The value of in- 
formation as the difference of these two convex-concave functions might 
therefore have any shape i.e., from a sole convex or concave to a multiple 
convex-concave shape with several inflection points. Thus, a general result 
how the value of information develops with respect to the realized perfor- 
mance state cannot be established. 

The same holds true for the impact of the underlying cost structure on 
the value of the information update. Whether this value in- or decreases 
for an improvement cost reduction depends on the actual project setting. In 
most cases, the value of information will increase since lower improvement 
costs increase the scope for corrective actions after the update and by this, 
also the mismatch between the prior and the optimal managerial response to 
the (updated) market requirements. But this does not hold in general. Also 
in case of a cost structure change, no general result can be established. The 
value of information for two identical projects that only differ in their un- 
derlying cost structure might in- or decrease if improvement costs at a later 
development stage are reduced at the expense of higher upfront investment 
costs. In most instances, the value of information will increase for a certain 
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cost reduction. Thus, updating gains in importance. However, whether such 
a cost structure change is valuable for the company solely depends on its 
impact on the project value. We will further elaborate on this issue in the 
next chapter. 

Concluding, the derived model properties for an observed signal z illus- 
trate the value of information as well as the impact of an information update 
on the project value after the signal has been observed. These insights are 
key for the analysis of the project valuation in expectation of a random sig- 
nal and the determination of an optimal updating point in time which will 
be presented next. 



4.3 Properties in Expectation of a Signal 

The previous sections provided the basic information updating characteris- 
tics of our valuation model. In particular, the mean and variance effects as 
well as the optimal conditions for an information update could be derived 
from the analysis of the updated project value with an observed signal z. 
The remaining questions are 1) to which extent can these results be applied 
to the project value and the value of information in expectation of an update 
and 2) what properties can be derived for management to make optimal de- 
cisions for the project prior to its launch at time f = 0. 

A priori, when the exact signal is not yet known, we have, in absence of 
any other information, to regard the signal as random. However, an updat- 
ing possibility during the development process represents from an option's 
theory point of view already a value in itself. The conditions, when and un- 
der which project settings an information update will be most valuable in 
expectation of a later signal or the best operational strategies to respond to 
a later market uncertainty reduction during the development process will 
therefore be of particular interest from a managerial point of view. This will 
be the focus of the subsequent analysis. 

4.3.1 Expected Project Value 

The value of the project at any time before the update (i.e., f < t) of the mar- 
ket requirement distribution is determined as the average over all project 
values obtained from the possible posterior payoff functions. As stated be- 
fore, the different posterior payoff functions are the results of an update of 
the prior market requirement distribution with all possible signals z out of 
the feasible and reasonable set Z. Since the density function of the signal is 
assumed to be symmetrically distributed around the prior mean, the corre- 
sponding project value is in this case an average of these opposing trends. 
The expected project value will therefore generally differ from the 
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finally realized one, Vt{x,z). However, it represents the project value un- 
der consideration of the optimal managerial response to the two sources of 
uncertainty, namely the technical development and the market requirement 
uncertainty, through investments in additional resources and an require- 
ment update based on the best available information at that time. 

If the model properties of the previous sections are applied to the project 
value in expectation of an information update, we can state the following 
proposition: 

Proposition 4.8. Consider a project which has in expectation a strictly positive 
project value, i.e., VJ(0) > 0. Then V^(x), the expected project value, increases if 
the improvement cost at is reduced. 

Proof. Consider two identical projects which differ only in their underlying 
cost structure in the sense that the second one has lower improvement costs. 
To differentiate the two projects, we will denote all corresponding values of 
the second one with superscript c, e.g., (x) . 

First assume that only the improvement cost of the development stage 
after the updating point in time is reduced, i.e., aj^ < atj^ (ti > r). We know 
from Proposition 4.1 that a reduction of the improvement cost increases 
the project value, i.e., Vf(x) > Vt{x). Since this property holds for every up- 
dated project value regardless of the observed signal, i.e., V[{x,z) > Vt{x,z) 
(Vz € Z), also the expected project value with the lower improvement 
cost will always be at least as high as the one of the former project, i.e., 
Ez [V[(x,z)] > E, [Vt{x,z)]. 

If the improvement cost is reduced at the stage of the update or in any 
stage before the update. Proposition 4.1 applies directly: 

Vf'‘^(x) = maxj-Cf(flf) -E | 

> max I -Cf(flf) + t^Eo, [Vf\^{Xt+i{x,at,cvt))] 

I -L 1“ T 

= Vf{x), (4.12) 

and the statement above is proven. 

In other words, low improvement costs are also in expectation of a later 
information update highly valuable. A reduction of the improvement costs 
at the expense of higher upfront investment costs is in case of a later updat- 
ing possibility generally valuable under the same conditions as for the base 
case (without an updating possibility). 

Corollary 4.5. Consider a project which has a strictly positive expected project 
value, i.e., V'J^(O) > 0. Then the following holds for a reduction of the improve- 
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ment cost at stage t (t > by St (St > 0), i.e., at — St, at the expense of a 
corresponding increase in the investment cost at stage t = 0 by So, i.e., cq + 

1) The expected project value Vf (0) increases if the necessary upfront invest- 
ment is less than the (in terms of time value of money) probability weighted expected 
improvement cost reduction at stage t, i.e.. 



So<St{l + r)-^E, 




(4.13) 



where s denotes the lowest reachable state at period t and p{af j = imp) the expected 
probability to reach the states where improvement is the optimal managerial choice 
at stage t (dependent on signal z). 

2) The following holds for the upper bound of the upfront investment cost • 
St{l + r)-^ = S~o>So, (4.14) 



i.e., for a positive impact on the expected project value Vq'(O), the upfront invest- 
ment cost can never exceed the corresponding time value of money of the improve- 
ment cost reduction. 

Proof. First, the expected project value Vf (0) is only affected by an improve- 
ment cost reduction St if at least one of the reachable performance states at 
stage T in one of the resulting lattice trees (obtained through the possible sig- 
nal values z G Z) is affected by the improvement cost reduction St at stage 
t, i.e., f = imp. The expected probability to reach these improvement 
states is therefore determined by the (in expectation) optimal managerial 
decisions prior to the update and the signal dependent optimal manage- 
rial decisions in the remaining periods t to t. Applied to the improvement 
cost reduction St and under consideration of the discount rate, we obtain 
So<St{l + r)-fr, f = imp)'j which corresponds to the increase 

of the expected project value V'J^(O). Thus, in order to be valuable, the nec- 
essary upfront investment has always to be less than the corresponding 
improvement cost reduction at stage t. 

For the better readability of the proof of the second statement, we denote 
the period of the cost reduction as f ' . If the following holds for all states and 
all signals z G Z of an improvement cost reduction at stage E : 



^X,t — 



improvement Vx in f = f' 
continuation Vx in f = 1, . . . , f' — 1, 



®®Note that for an improvement cost reduction at any stage before the update, i.e., 
t < r, the a priori unknown signal has not to be considered for the impact of the 
cost reduction on the expected project value. Thus, Corollary 4.1 applies directly. 
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then Ez f = imp) j — 1 since the possible signal values z are 

assumed to be symmetrically distributed around the mean of the market 
requirement distribution and hence, do not affect the expected value. As 
soon as one optimal managerial action changes, the expected value of the 
improvement cost reduction at time f = 0 is less than 5fi{l + r)~^' . In other 
words, the upfront investment cost can be at most the corresponding time 
value of money of the improvement cost reduction in order to have no nega- 
tive impact on the expected project value. This proves the second statement. 

Lower improvement costs - even at the expense of a corresponding in- 
crease in the initial investment costs - always increase the managerial flex- 
ibility at later stages of the development project. Although the impact of 
such a cost structure change will be in most cases significantly higher for 
a project with a later updating possibility compared to one without it, i.e., 
AV^{x) > AVt{x), the actual impact of such an effort depends on the par- 
ticular underlying cost structure. Thus, the impact on the project value can 
in general only be specified as described above. We will therefore study the 
impact of a cost structure change on the expected project value in greater 
detail in the numerical study presented in the next chapter. 

Besides the impact of the underlying cost structure on the expected 
project value, the dependency of the expected value of information on the 
updating point in time T is of particular interest for management. In order 
to avoid trivial results, we assume throughout all remaining sections of this 
chapter that the cost of the information update is so small that there exists 
at least one point in time t for which it is valuable to conduct the update, 
i.e., (f < t).57 

In expectation of the signal z, we can state the following proposition for 
the optimal updating point in time: 

Proposition 4.9. Assume that the updating costs are either negligible, i.e., jt — 0 
(t = 1, ... ,T — 1), or constant in terms of time value of money. Then the expected 
value of the project increases if r, the updating point in time, decreases, i.e., 

Vf\x)>Vf^x), (4.15) 

for f < Ti and 1 < Ti < T 2 < T — 1. In other words, the earlier the information 
update is conducted, the higher the expected project value. 

Proof. Consider two identical projects with the same expected posterior val- 
ues of the performance requirement distribution. We prove that the project 
with an update one period earlier than the second one has a higher expected 
value, i.e., Vf{x) > Vf'^^jx). We know from Eq. 3.105 that for t = t 

®^Such an assumption is common in the analysis of models. See, for example, 
Murto (2004). 
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V^{x) = - 7 f + Ez[yf(x,z)] 

n 

= -7t + '^Vt{x,Zi)pi 



i=l 

n 



= -7t + 






Pi 



and 



vr\x) = max < —Ct{at) + 
at y 



max < —Ct{at) + 



1 + r 



1 + r 



= -7f+i 



1 + r «f 



-Ct{at) 



++»)]} 

n 

n 

^V,+i{x,Zi)pi 



i=l 



1 + r 



Li=l 



However, since 



Vi^(x) = -7t + ^max|-Cf(fl() + [^f+i(++)]|: 



-7f 



> max < - 

I 



Cf(flf) + :p- — Eo! [+f+i(Xf+i(x, 



i=l 

1 



1 + r 



,at,cvt),Zi)]^ Pi 



> -7(+i— — + max{-Cf(flf) 

1 T 



+ 



1 + r 



^ Vt+i (X,+i (x, at, cvt),Zi)pi 



li=i 



= -7(+ii-z hmax<^ -Cf(flf) + 

1+r at 

= vr\x) 



1 + r 



^Vf+l(x,Z;)p, 



Li=l 



due to the positive pay-off structure of the managerial options, i.e., E^(-) > 
0, and 7f = 7t+iY^, we have proven the statement above. 

This result is at first sight somewhat surprising because it seems that 
regardless of the underlying cost structure it is always optimal to update 
as early as possible. However, one has to keep in mind that this only holds 
true if the updating costs are constant in terms of time value of money. In 
this case namely, an earlier update incurs no higher expenditures, but pro- 
vides management with more periods where optimal counter measures can 
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be taken to respond to the latest market requirement information. In other 
words, the increase of the project value solely results from the remaining 
time to take the appropriate counter measures in response to the additional 
information. But note, in the presence of (in time value of money terms) 
non-constant updating costs, the ideal updating point in time may be at any 
stage T = 1, ...,T — 1. In addition, development projects that are identical 
except for their underlying cost structure may also have different optimal 
updating points in time. 

Before we will analyze this in greater detail and derive a property for 
the ideal updating point in time under the consideration of updating costs, 
we first have to study the properties of the underlying necessary condition, 
namely the expected value of information. This will be done next. 

4.3.2 Expected Value of Information 

In analogy to the value of information, the expected value of information 
corresponds to the value that management can expect at time f from 
a later update at t (f < t) of the market requirements. As explained before, 
it is determined as the expected difference between the project value with 
an optimal managerial response to the possible posterior payoff functions 
and the one obtained based on the prior policy. The previously derived 
properties for the value of information also apply largely in expectation of 
a random signal. 

If management has only uncertainty about the mean, the variance reduc- 
tion through a possible update is predetermined by the ratio of the prior 
uncertainty about the mean and the market requirement spread in the pop- 
ulation (sample variance). For this case, we can state the following property: 



Proposition 4.10. Suppose the market performance requirement variance is known 
while the mean is unknown. Then the following is true: the higher the uncertainty 
reduction through the update, the higher the expected value of information Vg'^(O). 

Proof. Suppose we have two sets of signals, Zj and Z 2 , whose elements 
result in the same posterior means, i.e., p[ = py while the signals of the 
first set result in a higher posterior variance compared to the ones of the 
second set, i.e., cdf and cdf with > a'f > oif.hx other words, the signals 
of the second set result in a higher variance reduction. 

We know from Proposition 4.7, however, that the value of information 
increases if the posterior variance decreases, i.e.. 
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max|-Cf(flf) + [Vi\^{Xt+i{x,at,cvt),Z2)] \ -Pt(x,Z 2 ) > 

i T J 

max|-Cf(flf) + :j^—Ea; [Vj^^^{Xt+i{x,at,cvt),Zi)] \ - Pf(x,zi). (4.16) 

Since the sets of potential signals differ only with respect to the uncertainty 
reduction, any pair of signal elements result in the same posterior mean and 
Eq. 4.16 holds. However, if each element of set Zi leads to a higher value 
compared to each corresponding element of set Z 2 , the same is true for the 
expected values, i.e., 

Ez[Vf(x,Z 2 )]-Ez[Pt(x,Z 2 )] >E,[Vtix,zi)]-E,[Pt{x,zi)], (4.17) 

with zi G Zi and Z 2 G Z 2 and, by the definition of the expected value of 
information, 17/'^(x,Zi) < y/'’^(x,Z 2 ). Hence, VgE'^(0,zi) < V^''^{0,Z2) which 
makes the proof complete. 

The property also holds in case of uncertainty about the mean and the 
variance. However, it has no practical relevance anymore since the uncer- 
tainty reduction in this case is only known in expectation depending on 
the ratio of the expected posterior variance, determined over all possible 
scenarios out of the feasible set, and the prior variance. 

The most interesting property, however, is the effect of the updating 
point in time on the expected value of information. We know from the con- 
siderations of the previous section that the earlier the updating point in 
time, the more stages and hence, the more review points are left where the 
company can select the optimal managerial options in order to respond best 
to the changed market requirements. It is therefore intuitive that - in ab- 
sence of any updating costs - an early update is more valuable compared to 
a later one. Formally, we can derive the following proposition: 

Proposition 4.11. The expected value of information increases if T, the updating 
point in time, decreases, i.e., 



<'"^0) > yj'"2(0), (4.18) 

for 1 < Ti < T 2 < T — 1. Iw other words, the earlier the information update is 
conducted, the higher the expected value of information. 

Proof. Consider two identical projects with the same expected posterior 
values of the performance requirement distribution. Assume further that 
these two projects have the same prior market requirement information and 
hence, the same prior managerial policies. Only their updating point in time 
differs. We prove that the value of information of the project with an up- 
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date one period earlier is higher than the one of the second project, i.e., 

Vo''"(0) > 

We know by definition that the optimal managerial action chosen in state 
X at time f based on the posterior market requirement information is always 
at least as good as the actions of the prior policy. The posterior project value 
therefore exceeds the project value based on the prior policy, i.e.. 



Vt{x,z) = max |-7f - Cf(flf) + zr^Eco [Vt+i{X,+i{x,at,cvt),z)] \ 



>-^^KD + 

= Pf(x,z). 



1 + r 



Pf+i(Xf+i(x,flJj ,<Uf),z) 



(4.19) 



Thus, the value of information is always positive, i.e., V/(x,z) > 0. 

Based on these considerations, we can conclude the same for the ex- 
pected value of information, i.e.. 



E4Vt(x,z)]>E4Ptix,z)], (4.20) 

and 

max|-Cf(flf) + z^-^Ea, [V(+i(Xf+i(x,flf,a;f))] | > 

-ct(alf) + [p,';i(Xf+i(x,4r,a;f))] , (4.21) 

so that Vf'^(x) > P^{x) and hence, [x) > 0. 

In addition, we know that the managerial actions chosen based on the 
prior information are independent of the updating point in time t. 

Thus, the value of PJ{x) is independent of t as well. In other words, PJ{x) 
is so to speak constant with respect to the updating point in time t. 

However, we know from Proposition 4.9 that l^f^(x) increases if t de- 
creases so that, based on the definition of value of information (cf. Eq. 3.110), 
Vf'^(x) and thus, V'q'’^( 0) must be also increasing for a decreasing updating 
point in time and the statement above is proven. 

The signal can be obtained at any time during the development process 
through an additional market study. At the moment of the information ac- 
quisition, the update of the market performance requirements provides the 
company with the opportunity to revalue its investment and adjust its op- 
timal managerial actions. The crucial question for the management is there- 
fore whether to update the market performance requirement early when 
there are many development periods left for corrective actions or to wait for 
a cheaper signal at the expense of a reduced time-frame for counter mea- 
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sures which are, however, at this point in time generally more expensive. It 
seems to be apparent that there is (at least) one point in time for which the 
update is more valuable compared to other points in time. Since the exact 
shape of the expected value of information function with respect to time 
depends on the actual project parameters, a general rule for the ideal up- 
dating point in time can, without the knowledge of the actual project data 
and updating costs, not be established. 

We know, however, that lower improvement costs in a certain period in- 
crease the scope of corrective action, i.e., it is more probable that the higher 
payoff will compensate the additional expenses. A reduction of the improve- 
ment costs at the expense of higher upfront investment costs will therefore 
allow to postpone the update until the signal becomes cheaper. The lower 
improvement costs hereby provide the necessary flexibility to compensate 
for the shortened time-frame where counter measures can be taken. How- 
ever, since this property depends on the actual project setting, we have to 
resort to the numerical study in order to derive the instances for which it 
will apply.^® 



4.4 Summary 

With the conducted structured analysis in this chapter, we could derive 
a set of general model properties. We have shown that - for a specific and 
known signal - the posterior value of the project increases if the mean or the 
variance of the market requirement distribution decreases through the infor- 
mation update. This result also holds true for a simultaneous mean-variance 
decrease. For an opposed directed impact, i.e., the market requirement mean 
increases while the variance decreases (or vice versa), however, no unidi- 
rectional result can be established. Although an increase of the mean can 
be compensated by a corresponding reduction of the variance, the precise 
threshold value depends on the underlying cost structure of the project. 
Finally, the value of information for an observed signal increases with the 
uncertainty reduction that can be achieved through the update. These prop- 
erties for an information update with a specific signal illustrate the basic 
characteristics of our valuation model and facilitate the derivation of the 
actual interesting properties about the project value as well as the value of 
information in expectation of a later update. 

The analysis of the latter characteristics revealed that the value of infor- 
mation also increases in expectation of a later update with the uncertainty 
reduction that can be achieved with it as long as the updating costs are 
constant in terms of time value of money. In addition, the expected project 



®*See Section 5.2.2 for details. 
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value as well as the expected value of the information update decreases 
if the update of the market requirement distribution is postponed by one 
period because then the management has less development stages left for 
taking the appropriate counter measure to respond to the latest market in- 
formation. As the discussion has shown, in the presence of a later updating 
possibility, the structure of the improvement costs plays a decisive role in 
the flexibility to react to requirement changes of the customers. Up to which 
threshold an improvement cost reduction at the expense of higher upfront 
investment costs will increase the expected project value depends, however, 
on the specific project setting. This will therefore be studied in greater detail 
numerically in the next chapter. 




5 



Numerical Study 



The analysis of our information updating valuation model in the previous 
section allowed us to derive several properties in closed form, e.g., the im- 
pact of a pure mean or a pure variance update, the effect of the uncer- 
tainty reduction on the (expected) value of information, and the role of the 
updating point in time on the expected project value. Other aspects, like 
the impact of a simultaneous mean-variance update on the project value or 
threshold values for a change of the underlying cost structure, turned out 
to be case dependent and hence, eluded a closed form analysis. For those 
properties, we will therefore resort to a numerical study in this chapter in 
order to derive further insights about our information updating model. Our 
objective is hereby 1) to illustrate the derived properties by studying a real 
NPD project example, 2) to study the impact of a general (i.e., both mean 
and variance) update of the market requirement distribution on the project 
value, 3) to analyze the effect of the update on the optimal managerial pol- 
icy, and 4) to study the impact of the underlying model parameters on the 
expected project value and expected value of information. 

The subsequent numerical analysis presents the results of a real NPD 
investment project faced by a semiconductor test equipment manufacturer. 
Since this business environment is highly competitive and dynamic, the 
project is exposed to numerous sources of uncertainty stemming from mar- 
ket, customer, and technical variabilities over the development time. Hence, 
the project success depends to a large extent on the successful resolution of 
uncertainty during the development process. Moreover, as explained below, 
the specific project characteristics allow reasonably simplification in order 
to adapt the complex reality to the model setup. These aspects make the 
selected case well suited for an application of our valuation model. 

The insights obtained from the conducted comparative static analysis 
will have at first an illustrative character. It is in the nature of the study 
design that the derived results cannot qualify for generality. The complexity 
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of the model and its dependency on the underlying parameters prevents 
to study a certain property exhaustively by determining the correspond- 
ing values for all instances of every possible scenario. The reader should 
keep this in mind while studying the subsequent sections. However, this 
approach allows to study the change of the optimal managerial policy in 
presence of a later updating possibility compared to the one obtained with 
the presented basic valuation model of Huchzermeier and Loch (2001). In 
addition to facilitating the analysis of the other above mentioned proper- 
ties, the grounding in a real investment project demonstrates the practical 
applicability of the derived valuation framework. But before turning to the 
numerical analysis and the discussion of the results, we provide the general 
setup of the numerical study. 



5.1 Analysis Framework 

5.1.1 Base Case 

The numerical study will be conducted in a static comparative manner, 
i.e., starting from a base case whose underlying data will be later varied 
over a broad range of possible values. To ensure realistic proportions of the 
model parameters, we selected a real (ongoing) new product development 
project faced by a global manufacturer of semiconductor test equipment. 
Although the development process has been slightly simplified in order to 
adapt the complex R&D environment to our model requirements, the real- 
life example simultaneously shows the practical applicability of the devel- 
oped model. For the sole purpose of analyzing and illustrating the model 
properties, however, any hypothetical example would serve the same pur- 
pose and could have been chosen instead. In the following, we will briefly 
explain the key characteristics of the selected development project, present 
the relevant data, and define the assumptions that are necessary in order to 
determine the project value under consideration of an updating mechanism 
with our model. 

The selected project focuses on the development of a device that allows 
to measure the power supply of electronic components, e.g., microproces- 
sors, memory chips, etc., as they are used, for example, in mobile phones. 
This product will be offered by the company as an additional card in their 
digital testers sold to manufacturers of such components. The key perfor- 
mance drivers of this product are the measurement range (e.g., of the volt- 
age and the current) as well as the measurement capacity, i.e., the number 
of chips that can be tested simultaneously. As long as the required mea- 
surement range of the potential applications is met, the latter performance 
driver is the critical one for the customers because it determines directly 
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Fig. 5.1. Development process of power supply measurement device 

their measurement and hence, their own production costs which again drive 
the profitability. In order to reduce the complexity of the numerical analy- 
sis, we limit the product performance to a single parameter and select the 
most important one, namely the measurement capacity of the device as the 
decisive performance parameter. This capacity is generally measured in the 
number of pins (in units of a thousand) that can be tested simultaneously.^^ 

The company has established a classical stage-gate development pro- 
cess (Fig. 5.1). It starts with an investigation phase containing all necessary 
tasks to develop a business case for the product which has to demonstrate 
the profitability and the alignment of the product with the company's busi- 
ness strategy and strategic roadmap. If management approves the business 
case at the definition gate, the actual development process can be started 
with system-level designs during the definition phase and detailed designs 
as well as extensive testing during the design and development stage. The 
qualification stage finally serves for the refinement of the fabrication and 
assembly processes. Once the development project has passed the shipment 
gate, the finalized designs and prototypes are sent to a contract manufac- 
turer for production. At all gates and regular development checkpoints, the 
R&D team discusses the current project status with the management, eval- 
uates the developed technical solutions, and decides about current issues 
that need to be addressed in the further development of the product. 

As the characteristic of the selected development project requires to start 
with design activities already in the definition phase due to the test intensive 
nature of the product, we consider the entire development process from the 
definition until the shipment gate for our model. Based on the development 
schedule of the project, we can almost perfectly approximate the develop- 
ment process with six equidistant development stages (i.e., t = 0, . . .,5), 
each with a duration of six months. 



®®Each chip has a certain number of pins with which it is connected to the circuit 
board. Thus, the number of chips that can be measured with this device results from 
the total capacity (in number of pins) and the number of pins per chip. 
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Table 5.1. Continuation and improvement costs of base case 



Time t 0 1 2 3 4 5 



Cont. cost Cf 2 3 15 18 24 28 
Impr. cost at 4: 6 22 25 29 42 



The project length of six stages provides us, based on our model as- 
sumptions, with a range of seven reachable performance states in the last 
period. At each stage, management has the choice among one of the three 
described managerial actions: abandon, continue, or improve. The latter op- 
tion is limited to a shift by one performance state. The continuation of the 
project as well as the improvement of the product performance at a cer- 
tain development stage incur the estimated expenditures as specified in Ta- 
ble 5.1. These data as well as all other costs and estimated revenues have 
been disguised for reasons of confidentiality; the proportions and dimen- 
sions, however, remain realistic. The significant increase in both types of 
costs in the third period results from the manufacturing and testing costs 
of the prototypes and the additional specialists required for these tasks. In 
addition, the project requires an upfront investment of I = 10 to put the 
necessary infrastructure in place, develop the business case, and conduct 
the market studies during the investigation phase. 

While the development costs of such testing devices can generally be es- 
timated with high precision based on past project experience, the key uncer- 
tainty for the valuation of the project are the expected revenues. The payoff 
largely depends on the finally realized technical performance of the product 
- in our case, on the measurement capacity - which has to meet the require- 
ments of the customers. We approximated the market requirement for the 
measurement capacity with a normal distribution. Based on market stud- 
ies and reviews of the product proposal with key customers, management 
estimated that the expected capacity requirement will be from today's per- 
spective E{d) = 150,000 pins with a standard deviation of cTp^ior = 30,000 
pins.^^ The expected requirement of the customers also set the basis for the 
performance target of the project, i.e., E{x) = E{d) = 150,000 pins. 

For the valuation of the base case, we assume that the estimated stan- 
dard deviation represents the uncertainty about both the performance re- 
quirement mean and the spread of the market requirements among the 

®*^Note that besides the "classical" T + 1 performance states, there is an additional 
one that can be reached due to the option to improve. 

Recall the following notational equivalence for fhe case of uncertainty about the 
true capacity requirement mean 6 that will be studied later: 6 = E{d) and = 

Var{d) = Var{6) + E(cr^) = See Section 3.2.2.1 for details. 
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0 T t tn=0 M=240 n (x) m(d) 

Expected Market Payoff Market Req. Density 

Fig. 5.2. Expected payoff and markef requirement distribution 

different customers cr^, i.e., Depending on the products that 

are tested with this device and the market they are in, the customers have 
different capacity requirements. This variance is, however, generally either 
known or can be well estimated from past project experience or currently 
sold products. The greater source of uncertainty in this particular industry 
is the actual mean of the market requirements. Even detailed discussions 
with key customers about the project proposal before the start of the de- 
velopment project do not result in precise forecasts of the actual market 
requirements. The key problem in this dynamic business environment is 
that three years ahead even leading customers do not precisely know them- 
selves which performance requirement they will actually need. An update 
of the expected measurement capacity during the development process is 
therefore essential. 

We further assume that the technical performance x is also normally dis- 
tributed around the mean E(x) over the reachable range of performance 
states. Experts of the development team estimated that the highest product 
performance, which can be technically reached with the given development 
budget (i.e., without improvements), would be around 195,000 pins if ev- 
erything during the development process works out perfectly, while only a 
performance of 105,000 pins may be realized in the worst case. The prob- 
abilities of these two adverse scenarios were regarded as significantly less 
than five percent; the standard deviation of the product performance was 
estimated around 15,000 pins (Eig. 5.2). In order to avoid dealing with these 
large numbers all the time, we normalize the measurement capacity values 
around a mean of ^ = 0 which results in a corresponding prior market 
requirement standard deviation of CTpyigy = 2 for this case (Eig. 5.3). 
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Table 5.2. Values for exogenous variables of base case 



Description 


Variable Value 


Development periods 


T 


6 


Maximum payoff 


M 


240 


Minimum payoff 


m 


0 


Market requirement mean 




0 


Market requirement std. dev. 


^prior 


2 


Initial investment 


I 


10 


Discount rate 


r 


6% 



The price development of measurement devices, like the one considered 
here, is fairly stable so that the marketing specialists could derive a reliable 
estimate for the expected payoff range. The payoff ceiling was estimated to 
be M = 240 if the measurement device meets or exceeds the requirements 
of the customers; on the other hand, if the requirements cannot be met, 
the company will receive hardly any payoffs due to the strong competitive 
market environment. For ease of computation, we assume in this case a 
payoff of m = 0. Finally, all results are obtained using an arbitrary discount 
rate of r = 0.06 per period. Table 5.2 summarizes the parameter values of 
the base case. 

In order to check the general profitability of the project based on the 
just provided data and to have a benchmark for the subsequent numerical 
analysis of our valuation model, we determine the project value as defined 
in the basic model (Section 3.1.4) at first. If we apply the presented back- 
ward recursion (cf. Eq. 3.7), which considers managerial flexibility, but not 
the possibility of a market requirement update, we obtain a project value of 
Vq( 0) = 48.3. Fig. 5.3 illustrates the corresponding lattice tree of this invest- 
ment example with the optimal value function and the optimal managerial 
policies for each performance state of the project. The project value Vo(0) 
represents the compound real option value (i.e., the value of the manage- 
rial flexibility to choose improvement or abandonment in any stage) of the 
project in state x = 0 at stage f = 0 before the upfront investment cost I 
is deducted. Since the project value exceeds the initial investment cost of 
I = 10, i.e., the overall project value is with Vo(0) — f = 38.3 positive, it is 
worthwhile from today's perspective to invest in the project. 

On the other hand, if we value the project based on the classical net 
present value criterion, we obtain NPV = 1.3. Thus, also on the basis of 
this static decision criterion, the project is profitable and would therefore be 
conducted regardless of the project inherent uncertainty. The fact that this 
value is significantly lower than the project value is not surprising since the 
NPV does not consider the managerial flexibility to respond to uncertainties 
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2 
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3 

18 

25 
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5 

28 
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Cont. cost Cj 
Imp. cost a f 



Note; Project values of reachable performance states appear in boldface type. 
Fig. 5.3. Valuation of base case 



during the development process; it corresponds to the special case where 
continuation is chosen in all states. With a decision on the basis of the NPV 
criterion, however, management underestimates the true value of the de- 
velopment project and may - misguided by this valuation result - wrongly 
reject additional investments or counter measures which would enhance the 
product performance and thus, the overall payoff of the project. 

However, the determined (basic) project value Vo(0) heavily depends 
on the estimated market data and neglects the possibility of a later update. 
Decisions made on this basis may therefore lead to wrong investments in 
counter measures during the development process if the actual market re- 
quirements change. Our developed valuation model explicitly considers this 
deficiency. But before determining the corresponding project value under 
consideration of an updating possibility and studying the model properties, 
we will briefly describe the setup of the numerical experiments. 

5.1.2 Description of Experiments 

The goal of the numerical study is, as explained before, to analyze and illus- 
trate the properties of the project value for an update of the market perfor- 
mance requirement distribution during the development process as well as 
the characteristics of the value of the information update. The Just described 
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Table 5.3. Parameter ranges of numerical study 



Description 


Variable Value range 


Spread of market requirements in target market 


O' 


0.1,..., 4 


Prior standard deviation of market requirement mean 




0.1,..., 4 


Market requirement signal 


z 


-4,..., 4 


Updating point in time 


T 


1,2,. ..,4 



NPD project hereby builds the basis for our experiments. For this purpose, 
we will analyze the characteristics of the model in the following by vary- 
ing its key parameters over the ranges as specified in Table 5.3. The spread 
of the values of the different parameters have been set in such a way that 
they remain within realistic dimensions. In particular, we will study uncer- 
tainty scenarios that arise from different combinations of the prior variance 
(of the market requirement mean) and the sample variance. By allowing for 
standard deviations that range from 0.1, . . . ,4 , we consider a much broader 
range than it will occur in any realistic project setting. Note also that a 
standard deviation of zero in any of the two uncertainties is not defined 
in the model and is therefore omitted. Starting with standard deviations of 
(7 = ^ = 0.1 is sufficient for the analysis of the model properties since they 
are far below the variances of market data in real NPD projects. The same 
holds true for the upper limit. 

Similarly, we will numerically study the model properties for signal val- 
ues that range from z = —4, ... ,4. In case of an update of the prior market 
requirement mean, the signal values represent an observed or sampled aver- 
age market performance requirement. With this range, we cover all relevant 
scenarios sufficiently. A signal value of z = 4 for example, may result - de- 
pending of course on its weight - in a posterior market requirement mean 
larger than 3, i.e., }i' > 3, which already lies beyond the reachable range and 
indicates that the management has completely misjudged the market needs. 
Significantly larger signals and thus, posterior means are not representative 
for the assumed application setting of the model. If the market is so unpre- 
dictable that no realistic prior estimate is feasible, any upfront valuation of 
the project is worthless and thus, beyond the scope of the developed model. 
Finally, for the determination of the project value under consideration of 
a later updating possibility in expectation of a random signal, we assume, 
without loss of generality, that the signals are uniformly distributed around 
a mean of zero.®^ Fig. 5.4 illustrates schematically how the project value in 



^^This assumption has computational advantages. See Section 5.2.2.1 for further 
details. 
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expectation of an update at time t = 2 will be determined based on the 
defined parameter ranges. 

We know from Section 4. 2. 1.3 that the update of the market performance 
requirement distribution in a Bayesian manner always results in a simulta- 
neous variance change. This is even true if solely the mean is updated. For 
this reason, it seems to be sufficient to discuss the relevant effects on the 
project value on the basis of a pure mean update. Moreover, this approach 
also meets the market and industry characteristics of the selected develop- 
ment project, where companies have primarily uncertainty about the perfor- 
mance requirement mean while the spread among the customers can gener- 
ally be well estimated. In order to reduce the complexity of our analysis, we 
do not study the impact of the (signal) sample size. This correlation is ob- 
vious from the Bayesian updating formulation provided in Section 3.2 and 
would only distract the attention from the actual points of interest. 

To study the model properties for the selected parameter ranges, we 
will conduct a comparative static analysis (cf. Athey et al. 1998; Milgrom 
and Shannon 1994). By changing the underlying model parameters, e.g., 
the prior market requirement uncertainty or the sample variance, one at a 
time, it becomes apparent in what way the model results, i.e., the (expected) 
project value and the (expected) value of the information as well as the 
ideal updating point in time, depend on the underlying data. The impact of 
the exogenous uncertainty and thus, its reduction through the information 
update can be studied by determining the project values for an entire range 
of prior market requirement distribution parameters and signal values. The 
analysis of the impact of the underlying cost structure, e.g., the conditions 
and thresholds of an improvement cost reduction at the expense of higher 
upfront investment costs, however, is more complex. For the latter aspect, 
we have to study selected cost structure scenarios and compare their impact 
on the project and information updating value under different uncertainty 
settings. We will elaborate on this issue in Section 5. 2. 2. 2. 

To run the numerical experiments, we implemented the developed val- 
uation model into a dynamic programming code (see Appendix D). This 
program was then solved for every instance of the considered scenarios in 
a backward recursive manner using the high-level technical computing lan- 
guage MATLAB, version 6.5 by The MathWorks, Natick, Massachusetts. 



5.2 Numerical Results and Comparative Statics 

In the subsequent presentation and discussion of the numerical results, we 
will maintain for reasons of consistency the distinction between the ex post 
and ex ante perspective of the project valuation as introduced in the pre- 
vious chapter. This structure is helpful as the insights obtained about the 
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project and information updating value for a specific (and known) signal fa- 
cilitates the analysis and interpretation of the general case and actual point 
of interest, namely the model properties at time f = 0 in expectation of a 
random signal. 

5.2.1 Analysis in Presence of a Specific Signal 

5.2.1.1 Effects of a Mean or a Variance Update 

We start our numerical analysis by illustrating the basic properties of an 
information update on the project value. Although we have derived the 
properties for a sole mean and a sole variance update in closed form, it is 
insightful to briefly illustrate the characteristics with the data of the base 
case. We focus at first on an update of the mean (at f = 0). As elucidated in 
Section 4. 2. 1.1, a pure mean shift is only of theoretical nature for an informa- 
tion update in a Bayesian manner since it always results in a simultaneous 
variance change. However, to illustrate the isolated effect of a mean change, 
we determine the project values for the base case data over a range of mar- 
ket requirement means. Fig. 5.5 depicts the results for the project value, the 
NPV, and the value of managerial flexibility (option value). 

The project value Vo(0, }i) decreases as the market requirement mean in- 
creases (cf. Proposition 4.2). If the mean shifts towards the upper limit of the 
reachable performance range (i.e., }i > 1.75), the project value falls below 
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the initial investment cost I = 10 and the entire project loses its profitabil- 
ity. In this extreme case, when the market requirement mean exceeds the 
performance range of the development project, it is - even with improve- 
ments in all upper performance states - not possible anymore to ensure 
the profitability of the projects. Hence, a drastic shift of the market perfor- 
mance requirements cannot be compensated by improvements during the 
development process, but requires a re-definition of the entire project. This 
is also true for the case of a downward shift of the mean, where manage- 
ment has initially set the specifications of the product too high. Without an 
adjustment of the project target, there is a high probability that the devel- 
opment team strives for too expensive technical solutions and develops an 
over-engineered product which is too costly for the actual requirements of 
the customers and hence, reduces the potential payoff of the project. 

These effects can also be seen by studying the NPV curve. We know 
from the valuation of the base case that the development project has a small 
positive NPV if the initial estimates hold, i.e., the market requirements of 
the customers are distributed around a mean of zero at the moment of the 
market launch. A slight increase of the requirements (i.e., A}i = 0.15) re- 
sults in the fact that management would cancel the project, albeit it is still 
profitable under consideration of managerial flexibility. This is also evident 
from the shape of the option value curve: The considered managerial actions 
"improvement" and "abandonment" increase in importance as the market 
requirement mean increases up to /t = 1.4. If, however, the market require- 
ment mean reaches or even exceeds the upper limit of the technical feasible 
development range of the project, the available counter measures are not 
sufficient anymore to compensate for a payoff loss due to the requirement 
mean shift. The only feasible managerial action is to terminate the project in 
order to avoid further losses. 

On the other hand, if the market requirement mean remains constant, 
i.e., }i = 0, while solely the requirement variance increases, the project value 
decreases. The reason for this development is, as explained before, that part 
of the payoff mass escapes beyond the reachable range as the variance in- 
creases, i.e., the payoff function becomes flatter. Thus, the expected payoff 
difference over the reachable performance range decreases which also re- 
duces the value of managerial flexibility responding to the technical devel- 
opment uncertainty. The NPV of the project is not affected since the mean 
remains constant. These effects are depicted in Fig. 5.6 which shows the 
corresponding value functions for a range of market requirement standard 
deviations. The value functions simultaneously show that the impact of a 
variance reduction on the project value is highest for intermediate uncer- 
tainties, where a variance reduction significantly increases the payoff mass 
within the reachable performance range. If the variance is, however, either 
extremely low or very high, an uncertainty reduction through an informa- 
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Fig. 5.6. Project value as a function of market requirement standard deviation 



tion update will result only in a moderate project value increase since the 
payoff increase is diminishing (see also Fig. 5.7 in Section 5. 2. 1.2). 

Note, in order to illustrate the impact of a pure variance change on 
the project value, as it would be the case of a sole variance update, we 
choose the same approach as for the illustration of the mean updating ef- 
fect, namely to determine solely the project value for a range of reasonable 
standard deviation values. This approach is completely sufficient for the de- 
sired purpose. After illustrating the model properties for a sole mean and 
a sole variance update, we will turn to the corresponding characteristics of 
a simultaneous mean-variance update in the next section. 



5.2.1.2 Effects of a Simultaneous Mean- Variance Update 

We know from Section 4. 2. 1.3 that a simultaneous change of the market 
requirement mean and the variance increases the project value in general 
only if the mean as well as the variance decrease. For an opposed directed 
change, the impact on the project value cannot be derived in closed form 
since it depends on the magnitude of the in- or decrease of the particular 

order to completely model an update of the market requirement variance, 
we would have a priori to assume a specific (normal) distribution about the vari- 
ance which then results in f distributed market performance requirements (see Sec- 
tion 3.2.3). However, this more formal approach would only distract from fhe desired 
purpose, namely to show the basic effects of a variance change. 
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Fig. 5.7. Project value as a function of market requirement mean and standard devi- 
ation 



parameters and on the underlying project data. To study the latter case, we 
maintain the approach of the previous section and determine the project 
value for a range of mean-variance combinations. Since the truly interesting 
case is the one when the mean increases while the variance decreases, we 
analyze solely the project value for mean values greater than zero. Fig. 5.7 
plots the corresponding results over a mean range of /t = 0, . . . , 2.4 and 
(Tprior = 0.1, ... ,4 for the parameter data given in the base case. 

It is apparent that the project value increases for a decrease in each of the 
two dimensions. The erratic increase of the project value for low variances 
results from the effect that the payoff function converges to a step func- 
tion with mean }i as the market requirement variance diminishes. Since the 
model considers only discrete realizable performance states, the project pay- 
off "jumps" in such a case for a small mean shift to the next level. However, 
this effect is primarily of theoretical nature since variances of this magnitude 
hardly occur in realistic project settings. 

What can be seen on the basis of the level curves in Fig. 5.7 is that it 
requires a significant variance reduction in order to compensate for an in- 
crease of the mean. If, for example, the initial market requirement mean 
ft = 0 increases to }i = 1, the standard deviation of the market require- 
ment distribution must simultaneously decrease from the initial estimate 
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Fig. 5.8. Project value as a function of market requirement standard deviation at 
different mean levels 

Pprior = 2 to (Tprior = 1-04 in order to ensure the same project value (Fig. 5.8). 
A further increase of the mean to }i = 2, however, can - under the given 
project setting - not be compensated anymore, i.e., the posterior project 
value falls below the initial one regardless of the magnitude of the variance 
reduction. Thus, only moderate mean shifts can accordingly be compen- 
sated by a simultaneous variance reduction. 

So far, we have illustrated the potential effects of an information update 
by varying the variables of market requirement distribution which is suf- 
ficient for the desired purpose. In order to also demonstrate the Bayesian 
updating mechanism, we study the update of the prior market require- 
ment distribution with a specific signal z in the following. Assume for this 
purpose that the performance requirements of the customers in the target 
market follow a normal distribution with an unknown mean 6 and known 
variance i.e., d ^ N{6,cr^). The prior estimate of 6 is also assumed to be 
normally distributed, i.e., 6 ^ Thus, the uncertainty at time f = 0 

consists of the two described elements: the uncertainty about the true mar- 
ket requirement mean ^ and the requirement spread among the customers in 
the target market cr. We pick without loss of generality ^ = 1.8 and a = 0.9 
which results in a prior market requirement variance of — 4. The esti- 
mated expected market requirement (prior mean) remains unchanged, i.e., 
— 0. For the sole purpose of illustrating this property, we further assume 
arbitrary updating cost at the beginning of stage f = 1 of 71 = 5. 
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Fig. 5.9. Posterior project value as a function of signal 2 



If we determine the posterior project value for signal values ranging 
from z = —3, ... ,3, we obtain a value function as depicted in Fig. 5.9. Since 
we update solely the mean, we know from Section 3. 2. 2.1 that the poste- 
rior mean }i' is the weighted average of the prior mean ^ and the observed 
signal z. With the above assumed uncertainty structure, the selected signal 
range corresponds to a posterior mean range of }i’ = —2.4, . . . ,2.4. Simulta- 
neously, the initial market requirement uncertainty = 4.05 is reduced 
to a posterior standard deviation of — 1.46, which is equivalent to an 
uncertainty reduction by 64%.®^ 

Assume further that the company reaches performance state x = 0.5 at 
stage f = 1. Then, depending on the observed signal z, the company will ob- 
tain Vi(0.5,z) from the new product development project given an optimal 
adjusted managerial response at each review point. If management, how- 
ever, adheres to its prior derived managerial policy while the actual market 
requirement shifts as indicated by the signal, it will obtain only Pj (0.5, z). As 
long as the deviation is relatively small, the difference is negligible since it 
would not compensate for the updating expense Ji. But especially for larger 
market requirement changes, information updating pays off as V^{0.5,z) 
clearly indicates. This shows that in this particular case an information up- 
date will also be from an a priori point of view beneficial when the actual 



®^It is measured as the reduction of the variance, i.e., — ^'^)l ^"^rior 
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Table 5.4. Impact of update for projects with same prior variance (z = — 1) 



0- ? 


Var{d) Var{d\z) 


VarRed. Vi(0.5,z) 


Pi (0.5, z) 


y/(0.5,z) 


0.1 1.998 


4 


0.02 


99.5% 


95.76 


81.38 


14.39 


0.2 1.990 


4 


0.08 


98.0% 


95.76 


81.38 


14.38 


0.3 1.977 


4 


0.18 


95.6% 


95.48 


81.38 


14.10 


0.4 1.960 


4 


0.31 


92.2% 


94.54 


81.37 


13.17 


0.5 1.937 


4 


0.48 


87.9% 


93.10 


81.29 


11.82 


0.6 1.908 


4 


0.69 


82.8% 


91.28 


81.00 


10.28 


0.7 1.874 


4 


0.92 


77.0% 


89.13 


80.42 


8.70 


0.8 1.833 


4 


1.18 


70.6% 


86.83 


79.51 


7.32 


0.9 1.786 


4 


1.46 


63.6% 


84.24 


78.24 


6.00 


1 1.732 


4 


1.75 


56.2% 


81.45 


76.65 


4.80 


1.1 1.670 


4 


2.05 


48.6% 


78.51 


74.78 


3.73 


1.2 1.600 


4 


2.36 


41.0% 


75.49 


72.69 


2.80 


1.3 1.520 


4 


2.67 


33.3% 


72.50 


70.45 


2.05 


1.4 1.428 


4 


2.96 


26.0% 


69.60 


68.11 


1.49 


1.5 1.323 


4 


3.23 


19.1% 


66.73 


65.72 


1.01 



realization of the signal z is unknown and the project can only be valued in 
expectation of the update. 

In general, the value of the information update depends - in addition to 
the observed signal - on the underlying uncertainty structure of the project. 
We know from Proposition 4.7 that for a given prior market requirement 
distribution the value of information increases with the uncertainty that is 
reduced through the update. To illustrate this property, we determine the 
value of information for an update at stage f = 1 with signal z = — 1 over a 
range of possible uncertainty structures of the project (Table 5.4).^^ All other 
parameters remain unchanged. 

The results show that - from an ex post view - an update of the market 
requirement distribution is only beneficial if the prior variance can signif- 
icantly be reduced. A relatively small reduction yields only a small addi- 
tional payoff which will hardly cover the expenses for conducting the in- 
formation update. In particular, if the prior variance of the market require- 
ment mean is less than or equal the spread of the performance requirements 
among the customers, i.e., ^ < cr, the benefit of additional market studies 
and thus, of the update is negligible. One should keep this in mind when 
applying the model. 



®®To indicate that we focus on an information update with a specific signal, we 
denote the prior market requirement variance as Var[d) and the corresponding 
posterior variance as Var{d\z). 
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Table 5.5. Impact of update for projects with different prior variances (z = —1.5) 



O' ^ 


Var(d) Var{d\z) 


VarRed. Vi(0.5,z) 


Pi (0.5, z) 


y/(o.5,z) 


0.1 0.2 


0.05 


0.02 


64% 


99.86 


86.48 


13.38 


0.2 0.4 


0.20 


0.07 


64% 


96.56 


86.48 


10.08 


0.3 0.6 


0.45 


0.16 


64% 


96.07 


86.48 


9.59 


0.4 0.8 


0.80 


0.29 


64% 


95.50 


86.04 


9.46 


0.5 1 


1.25 


0.45 


64% 


94.70 


83.13 


11.57 


0.6 1.2 


1.80 


0.65 


64% 


93.66 


83.02 


10.64 


0.7 1.4 


2.45 


0.88 


64% 


92.33 


81.03 


11.30 


0.8 1.6 


3.20 


1.15 


64% 


90.74 


80.58 


10.16 


0.9 1.8 


4.05 


1.46 


64% 


88.93 


79.90 


9.04 


1 2 


5.00 


1.80 


64% 


86.97 


78.96 


8.01 


1.1 2.2 


6.05 


2.18 


64% 


84.95 


80.97 


3.98 


1.2 2.4 


7.20 


2.59 


64% 


82.82 


79.27 


3.54 


1.3 2.6 


8.45 


3.04 


64% 


80.62 


80.51 


0.11 


1.4 2.8 


9.80 


3.53 


64% 


78.40 


78.33 


0.06 


1.5 3 


11.25 


4.05 


64% 


76.18 


76.18 


0.00 



But note, this observation does not allow any general conclusions about 
the relation of the prior uncertainty and the value of information. Although 
we know from Huchzermeier and Loch (2001) and Section 4.2.2 that a de- 
crease of the prior variance increases the posterior project value for a given, 
fixed uncertainty reduction through the update, this property does not hold 
for the value of information. As discussed in the analysis of a pure variance 
update, the payoff differences between the performance states decrease as 
the prior variances increase since the impact of investments in performance 
improvements is diminishing. However, the project value based on the prior 
policy does not necessarily follow this pattern. Depending on the prior un- 
certainty structure, Pt{x,z) may either in- or decrease as the prior variance 
increases. Thus, the value of information has no monotone structure. 

This characteristic can be illustrated considering the following example. 
Assume we have identical projects that differ only with respect to the prior 
market requirement uncertainty. They are all updated at stage f = 1 with a 
signal of z = —1.5, which results in every case in a variance reduction by 
64%. The results reported in Table 5.5 show that the posterior project value 
decreases for an increase of the prior variance, while the project value based 
on the prior policy Pi (0.5, z) does not. Thus, the value of information has, 
albeit it tends to result in a decrease, the above postulated non-monotone 
pattern. 

So far, we have illustrated and discussed the properties of the devel- 
oped valuation model in the presence of a specific and known signal value. 
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The insights obtained from this analysis are, like in the previous chapter, 
insightful for the analysis of the more complex case, namely the properties 
in expectation of an unknown signal. This will be discussed next. 

5.2.2 Analysis in Expectation of a Signal 

Most properties of the model in expectation of a signal, as they are relevant 
for the valuation of a development project at time f = 0, have been de- 
rived in Section 4.3. Besides illustrating these properties, this section aims 
on the one hand at discussing the model characteristics which elude a closed 
form analysis. On the other hand, we will depict the differences in the op- 
timal managerial policies between the presented basic valuation model and 
our valuation model, which allows for an uncertainty reduction through 
a midterm update of the market performance requirements. Based on this 
analysis, we will identify the key managerial implications for practical ap- 
plications. We will start with the analysis of the optimal managerial policy. 

5.2.2.1 Optimal Managerial Policy 

The presented basic valuation model of Huchzermeier and Loch (2001) de- 
termines the value of a project given managerial flexibility to respond to the 
technical uncertainty inherent in the development process. Since the valua- 
tion is based on an estimate of the market requirements which determines 
the expected payoff of the project, this approach is primarily suited for set- 
tings where sufficiently precise estimates are feasible. In business environ- 
ments with high market requirement uncertainty, however, this approach 
provides an insufficient decision basis since it neglects the possibility to 
reduce this uncertainty during the development process and to adjust the 
managerial actions accordingly. A simple revaluation of the project with 
the basic model at a later stage, when new market information has become 
available, does not serve the same purpose. Our valuation model, on the 
other hand, explicitly addresses this issue by incorporating a midterm up- 
date of the relevant market information. As the subsequent analysis will 
show, the former approach leads to suboptimal managerial policies com- 
pared to an upfront consideration of an information update as proposed by 
our model. 

When the project is valued at time f = 0 under consideration of a later 
update, the actual value of the signal is unknown. It has therefore to be 
assumed as random. The determined value thus corresponds to the 

optimal project value in expectation of the later update. In particular, the 
signals are a priori assumed to be symmetrically distributed around the 
expected market requirement, i.e., E[/(z)] = E{d), which corresponds to 
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Expected Project Value V*{x) Product Per- 

(Expected Optimal Managerial Decision) Ez[V,(*/Z)] V,{x,Zi), . . . ,V,(x,z„) formance x 




Note; See Table 5.7 for the values of Vt{x,Zi)) project values of reachable 
performance states appear in boldface type. 

Fig. 5.10. Determination of project value in expectation of update at t = 4 



E[/(z)] = 0 in our case.^^ We further assume that the signals are uniformly 
distributed over [— z;z] and choose, without loss of generality, z = 4. The se- 
lected uniform distribution is, albeit the theoretically most general one, not 
necessarily the most realistic one. In many practical settings, a symmetrical 
distribution with mean E[/(z)] = E(d) and flat tails, like the normal distri- 
bution for example, may be a more realistic distribution of possible signal 
values since very low or very high deviations from the forecasted mean 
will occur less frequently than smaller ones. Although the selected function 
affects the actual project value, it has no effect on the derived properties. 
Moreover, in order to reduce the computational effort, we discretize the sig- 
nal distribution, i.e., z G {—4, —3, . . . ,4}. Again, the derived properties are 
not affected by this simplification. 

Based on these assumptions, we can now determine the expected value 
of the described development project. To ensure the comparability of the 
so far established numerical results, we choose again a prior standard de- 
viation of ^ = 1.8 and a performance requirement spread among the cus- 



®^See Section 3.3. 1.2 for the reasoning behind this assumption. 
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tomers in the target market of u = 0.9. This corresponds to a prior market 
requirement uncertainty of Var{d) = 4, which is reduced through the infor- 
mation update of the market requirement mean to a posterior variance of 
Var{d\z) — 1.44. The estimated expected market requirement (prior mean) 
remains unchanged, i.e., }i = 0. 

If we value the project in expectation of an information update at stage 
T = 4 by applying the presented stochastic dynamic program (Eq. 3.105), 
we obtain in absence of any updating cost an expected project value of 
Vg (0) = 48.7 (Fig. 5.10). This information update has an expected value of 
17g'^(0) = 10.3. Thus, an update of the market performance requirements at 
this stage is in expectation valuable for the company if the expenses for the 
information acquisition do not exceed the benefit from it, i.e., ^ 10.3. 

The expected value of information is, as explained before, a measure of 
the benefit obtained from an - in expectation of a later market requirement 
update - adjusted optimal managerial response (Fig. 5.10) compared to the 
determined counter measures based on the prior project valuation (Fig. 5.3). 
A comparison of these two specific managerial policies reveals the follow- 
ing: In the first two stages, performance improvements are in both models 
the optimal managerial action since the corresponding costs are relatively 
low. In later stages, however, this pattern changes. If management addi- 
tionally considers in the valuation of the project the possibility of a market 
requirement uncertainty reduction through a later update, it is optimal to 
reduce the expenditures for corrective actions until the new information is 
obtained. This adjustment is in the selected example independent of the 
considered updating point in time as Table 5.6 shows. 

The observed change in the optimal managerial policy is intuitive. Man- 
agement has with an information update the possibility to learn the true 
market performance requirements of the customers at stage f = T. Thus, in 
expectation of this additional information, it is on the one hand optimal to 
invest less in improvements until the market requirement uncertainty can 
be reduced. For the case that the update reveals a lower market require- 
ment as initially estimated, the expenditures would have been useless and 
would therefore reduce the overall profitability of the project. On the other 
hand, the number of states where abandonment is the optimal managerial 
action is also reduced in expectation of a later update since the project could 
misleadingly be cancelled at any stage before the update although the true 
market requirement would justify a continuation of the project. Ignoring 
this effect can have the consequence that the company will have significant 
sunk costs while missing potential revenues from the project. 

In order to explain this pattern of the managerial policy change more 
formally, we have to study the properties of the two resulting value func- 
tions at the updating point in time t and their implications on the control 
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Table 5.6. Optimal managerial policies for updates at different stages ( 7 t = 0) 



Update at 


t = 0 t = 1 t = 2 t = 3 


f = 4 


t = 5 


r = 1 


Improve - . - 


- 


- 


r = 2 


Improve Improve 


- 


- 




Improve 


- 


- 


r = 3 


Improve Improve Continue 


- 


- 




Improve Continue 


- 


- 




Continue 


- 


- 


T = 4 


Improve Improve Continue Continue 


- 


- 




Improve Continue Continue 


- 


- 




Continue Continue 


- 


- 




Continue 


- 


- 


T = 5 


Improve Improve Continue Continue Continue 


- 




Improve Improve Continue Continue 


- 




Improve Continue Continue 


- 




Continue Continue 


- 






Continue 


- 


No update® Improve Improve Improve Continue Continue Continue 




Improve Improve Improve 


Improve Continue 




Improve Improve 


Improve Continue 




Improve 


Improve 


Improve 






Abandon Continue 








Abandon 



^ Optimal managerial policy based on prior market requirement dis- 
tribution. 

Note: The managerial policies that differ from the ones based on the 
prior market requirement distribution appear in boldface type. 



limits of the optimal managerial policy. We know from Huchzermeier and 
Loch (2001) that the following holds: 

Lemma 5.1. Suppose there are two value functions yf+i(x) and Vi+-[{x) that are 
both convex-concave increasing in x and fulfill the following characteristic: 

Vt+fix) - Vt+fix - 1) > Vt+fix) - Vt+fix - 1) Vx, (5.1) 

then Vt{x) and Vt{x) are as well convex-concave increasing and fulfill condition 
Eq. 5.1. 
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vi(x) 




Fig. 5.11. Variability of (expected) project value function 



Proof. See Huchzermeier and Loch (2001) [Lemma 3]. 

In other words, if the described properties hold for a value function at stage 
f + 1, they also hold for the resulting value function of the stochastic dy- 
namic program at stage f. Based on the considerations of Appendix B, this 
lemma can in principle be applied to our valuation model. It allows us to in- 
fer from the characteristics of the value functions at stage t = r backwards 
on the control limits of the optimal managerial policies at stages t < r, 
provided that the conditions above are satisfied. Denote for the following 
considerations with the upper bar all limits and results corresponding to the 
value function with the larger increments. 

If the variability of project increases, we know by the definition of the 
(optimal) managerial policy control limits (cf. Eq. B.3)^^ that the upper 
control limit increases, i.e., Lu > L„, while the lower one decreases, i.e., 
Lm < Lm, . In other words, Vfx) has a larger improvement region than 
Vf(x) since Vf+i(x) is steeper by definition (Eq. 5.1). The abandonment re- 
gion on the other hand is larger for Vt{x), i.e., > L^, if Vf+i (x) < Vf+i (x) 

for X < Lrf. 

Applied to our case, we can observe for the selected example that Vf (x) 
is at stage t — r convex-concave increasing in x (see Eig. 5.11) while Vf(x) is 



^^See Appendix B as well as Section 4.1 for details. 
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(a) Prior project value function (basic (b) Expected project value function (in- 
model) formation updating valuation model) 



Fig. 5.12. Change of control limits for optimal managerial policy 



convex-concave increasing by definition.^® In addition, the expected value 
function has at stage f = t a lower variability than the prior value function, 
i.e., V^(x) — < Vt{x) — Vt{x). This implies that Vt{x) has larger incre- 

ments than Vf^(x) and Lemma 5.1 can be applied. Thus, the improvement 
region of the expected project value function for any stage f < t is smaller 
compared to the project value function determined on the basis of the prior 
distribution, i.e., in expectation of a later market requirement update it is 
optimal to spend less in improvements until the additional information is 
acquired. 

The reduction of the improvement region also becomes apparent from 
Fig. 5.12 which represents schematically the control limits of the optimal 
policy for the considered examples at stage f = 4. The left part shows the 
value function of the basic model (without an updating possibility) while 
the right part depicts the value function of our model in expectation of a 
later updating possibility. We can observe that the reduced variability of 
the project function due to the expected update at t = 5 does not justify 
improvements at stage f = 4 anymore (see also Table 5.6). Since we con- 
sider only discrete performance states, the control limits and Lm of the 
improvement region even collapse (Fig. 5.12 b). Simultaneously, the lower 
control limit falls below the lowest reachable performance state x = —2 



®®Note that although the expected value function fulfills in mosf cases the convex- 
concavity requirement due to the a priori assumed symmetrical distribution of fhe 
expecfed signals, this property does not hold in general. The reason is that even if 
Vt{x,z) is convex-concave increasing in x for all z G Z, VJ {x) = £z [Vf(x, z)] (t = t) 
does not necessarily have to be convex-concave. 
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SO that abandonment is not an optimal managerial action for any perfor- 
mance state of this stage if the market performance requirements can be 
updated at the next stage. 

This effect increases with an increase of the uncertainty about the fu- 
ture development of the market performance requirements. The variability 
increase diminishes the payoff differences over the reachable performance 
states (i.e. the payoff function becomes flatter) and hence, reduces the op- 
tion value of managerial flexibility. Thus, in the extreme case, continuation 
is the optimal managerial action until the updating point in time. Thereafter, 
however, the market requirement uncertainty is reduced and the updated 
payoff function becomes much steeper. Thus, the optimal managerial policy 
of the remaining stages changes significantly: Improvement becomes valu- 
able in the performance states where the payoff function is at its steepest 
and abandonment may be worthwhile in the lower performance states. But 
note, if the expected signal range is relatively small or extreme signals are 
regarded as less likely, the expected value function deviates only slightly 
from the one based on the prior information, i.e., the improvement region 
is only slightly reduced, and the policy change is less dramatic. 

Note that if x > for all 7 t( 1 + < y/'^(x) {Lm may be any- 

where with respect to x), the reduction of the improvement region compared 
to the one of the basic valuation model is independent of the updating cost. 
The reason is that in this case the expenses for the update result only in 
a parallel shift of the value function, but do not change its shape within 
the reachable performance range of the project. The abandonment region, 
on the other hand, will be affected by the updating cost. However, the in- 
crease of Liji through an increase of the updating cost may be irrelevant for 
the project valuation. Like in the considered example, this is the case if the 
lower control limit remains below the lowest reachable performance state of 
the project even for an update at the highest reasonable updating cost, i.e.. 



7t 






(l+r)T - *^0 

These considerations confirm the intuition above that the managerial 
policy changes in the presence of market requirement uncertainty with a 
later updating possibility compared to the project valuation based on the 
prior market performance requirement information. A simple revaluation 
of the project with the basic decision model at each review point, as pro- 
posed by Santiago and Bifano (2005), based on the best available informa- 
tion does not serve the same purpose. Since a later update of the market 
performance requirements represents an option value from today's perspec- 
tive, this possibility has to be considered upfront in the determination of the 
optimal managerial response to the technical development uncertainty. The 
"passive" approach of the basic model to wait and see until new information 
becomes available ignores this option and therefore leads to an inferior man- 
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agerial policy, e.g., unnecessary investments in performance improvements 
and precipitate abandonments. 

This becomes particularly apparent under the generally applicable as- 
sumption of increasing improvement costs. Under such a cost structure, 
the basic valuation model generally leads to early improvements when the 
costs for counter measures are still low (Huchzermeier and Loch 2001). As 
this analysis has shown, however, this strategy is in the presence of mar- 
ket requirement uncertainty no longer optimal. Instead, it is more valuable 
to invest upfront less in improvements and respond afterwards with high 
precision to the new information. Thus, a flexible development process as 
well as a sophisticated product design that allows for late design changes at 
relatively low costs facilitates this strategy. The corresponding impact of the 
underlying cost structure will therefore be studied among other properties 
of our valuation model in the next section. 

S.2.2.2 Cost Structure Changes 

The structure of the improvement costs has, as the discussion in Section 4.1 
has shown, a decisive impact on the project value since it allows manage- 
ment to respond to the technical development uncertainty. In the presence 
of high market requirement uncertainty with the possibility of a later up- 
date, this effect is even increased. The analysis of the managerial policy in 
the previous section has shown that, in expectation of a later uncertainty 
reduction through additional information, it is generally optimal to reduce 
the efforts for corrective actions prior to the update compared to a project 
setting without this updating possibility. The reason for this pattern change 
is that without any information in which direction the performance require- 
ments of the customers might drift, high expenditures for performance im- 
provements may be unnecessary and thus, reduce the overall profitability. 
Hence, improvements are only conducted in expectation of a later update 
in those development stages, where the costs of these actions are so low 
that the overall expected benefit of an upfront adjustment exceeds the cases 
where these actions are superfluous. 

After the acquisition of additional information, however, management 
can precisely respond to the updated market performance requirements 
by selecting the optimal managerial action in dependence of the project's 
technical performance that has been realized until this point in time. The 
room for maneuver hereby significantly depends on the improvement costs 
of the remaining development stages. Although the information update re- 
duces the variance of the market requirement distribution, which results in a 
steeper convex-concave payoff function and hence, in a larger improvement 
region, the improvement costs at the later stages are generally significantly 




Table 5.7. Expected project value for update at t 
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higher compared to the one of earlier periods. Thus, the absolute improve- 
ment costs of the remaining development stages determine not only the 
project value, but also the benefit of information updating. 

This effect can be illustrated considering the example of the previous 
section with an update of the market performance requirement distribution 
at stage t = 4 that results in an expected project value of Vq (0) = 48.7 for 
the given cost structure. Due to the high improvement costs at stages f = 4 
and f = 5, counter measures to improve the performance of the project are - 
regardless of the observed signal - only worthwhile for performance states 
around the updated market requirement mean where the payoff function 
is at its steepest (see Table 5.7). For the performance stages in the flatter 
regions of the payoff function, however, the higher payoff does not justify 
the high improvement costs of the remaining periods. Thus, management 
only has the possibility left to abandon the project if even the continuation 
costs are not earned anymore. 

However, a relatively small reduction of the improvement cost at stage 
f = 4 from ^4 = 29 to = 25 increases the improvement range in that pe- 
riod for almost all possible signal values (see Table 5.8). Solely for a signal 
of z = 4, which lies beyond the reachable range of the project, this improve- 
ment cost reduction does not change the managerial policy. But over all pos- 
sible signal values, the expected project value increases from 17^(0) = 48.7 
to V"q (0) = 49.9.^^ This implies that it is beneficial at the beginning of the 
project to invest up to this increase, i.e., = 1 . 2 , in a more flexible design 

that reduces the improvement cost at stage f = 4 by <^4 = 4 to = 25. Al- 
though the maximum upfront investment cost is significantly lower than the 
corresponding time value of money of the improvement cost reduction, i.e.. 
Si = 1.2 < S/i{l + r)~^ — 3.2, this result still justifies managerial actions that 
lead to such a cost structure change. Besides the general insight that early 
design changes induce significantly lower expenses than later ones, one has 
to consider that, additionally, a more flexible design generally reduces the 
costs for corrective actions of more than one development stage. 

One possibility to reduce the costs of later performance improvements 
for the considered example of a power supply measurement card is to im- 
plement some of the test routines directly on the card. This requires, on the 
one hand, higher expenditures upfront for the design of the additional hard- 
ware components and the development of the corresponding test routines 
(software). On the other hand, the on-board self- testing feature allows faster 
prototyping cycles and reduces the testing costs for modifications of the card 



^^Without the consideration of a later updating possibility, the same cost structure 
change would only result in an increase from Vo(0) = 48.3 to Vo(0) = 49.1. Thus, 
the valuation of fhe project based on the basic model systematically underestimates 
the true value of such a strategy. 




Table 5.8. Expected project value for update at t = 4 ( 0:4 = 25) 
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Fig. 5.13. Expected value of information as a function of updating point in time 



since it does not always require an adjustment of the external test equipment 
setup. Thus, the broader design upfront causes higher investment costs but 
simultaneously reduces the improvement as well as the continuation costs 
of the project in the late design (stage f = 4) and the qualification phase 
(stage f = 5). 

These considerations show that cost reductions through a more flexi- 
ble design at the expense of higher upfront investment costs can be worth- 
while if management has the possibility to reduce the initial market require- 
ment uncertainty through a later information update. The derived proper- 
ties when and under which conditions such an update is in expectation 
valuable will be illustrated next. 

S.2.2.3 Optimal Updating Point in Time 

The formal analysis of the model in Section 4.3.2 revealed that the expected 
value of information U/'^(f) increases if the updating point in time decreases 
(cf. Proposition 4.11). In other words, the earlier the update is conducted, 
the higher the expected value of information. Fig. 5.13 shows the expected 
value of information for state x = 0 at stage f = 0, i.e., Vj|'^(0) over different 
updating points in time t for the chosen example of the previous section 
with a prior market requirement uncertainty of Var{d) = 4 (^ = 1.8 and 
a = 0.9). As stated before, the reason for this decrease of the expected value 
of information for a postponement of the update is that the earlier the in- 
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Table 5.9. Expected value of information for different updating points in time 



a- ^ Var{d) Var{d\z) Var Red. vJ'^(O) Vo^'^(O) vJ'^(O) vj''‘(0) ^^'^(0) 



0.1 1.998 


4 


0.02 


99.5% 


27.52 


25.58 


24.29 


20.35 


12.61 


0.2 1.990 


4 


0.08 


98.0% 


27.42 


25.49 


24.16 


20.19 


12.45 


0.3 1.977 


4 


0.18 


95.6% 


26.94 


25.05 


23.68 


19.70 


11.99 


0.4 1.960 


4 


0.31 


92.2% 


25.60 


23.80 


22.42 


18.48 


11.04 


0.5 1.937 


4 


0.48 


87.9% 


23.68 


22.03 


20.64 


16.86 


10.04 


0.6 1.908 


4 


0.69 


82.8% 


21.50 


20.04 


18.63 


15.04 


8.87 


0.7 1.874 


4 


0.92 


77.0% 


19.26 


17.97 


16.54 


13.30 


7.50 


0.8 1.833 


4 


1.18 


70.6% 


16.95 


15.87 


14.42 


11.61 


5.98 


0.9 1.786 


4 


1.46 


63.6% 


14.66 


13.83 


12.38 
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formation update is conducted, the more development stages and review 
points remain where the managerial policy can be optimally adjusted to the 
acquired additional market requirement information. Hence, the value of 
information is in expectation of an update more valuable at earlier devel- 
opment stages compared to later ones. Recall that this does, however, not 
imply that the ideal updating moment is the earliest point in time when the 
expected value of information exceeds the updating cost 7f. It is only the 
necessary condition for the update while the highest expected project value 
under consideration of the updating cost structure that fulfills this condition 
determines the ideal updating point in time. 

What also becomes apparent from Fig. 5.13 is the fact that the later the 
update is postponed, e.g., by one period, the higher the reduction of the 
expected value of information gets. This effect results from the underlying 
cost structure. The high improvement costs at late stages of the develop- 
ment process limit the benefit of managerial counter measures to respond 
to the information gain. Thus, the discrepancy between the optimally ad- 
justed managerial policy and the one based on the prior market requirement 
distribution is lower compared to an earlier update. 

The just described pattern holds, as shown before, in general. On the 
one hand, the expected value of information increases for any given market 
requirement uncertainty structure as the updating point in time t decreases. 
On the other hand, we know that an increase of the uncertainty reduction 
through the update leads to an increase of the expected value of information 
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(Proposition 4.10). Table 5.9 reports the expected value of information for a 
common prior variance of the market requirement distribution composed 
of the prior standard deviation of the mean (^) and the requirement spread 
among the customers in the target market (u) that result in different poste- 
rior variances and hence, in different uncertainty reductions. For reasons of 
consistency to the previous sections and without loss of generality, we pick 
again Var{d) — 4. 

We can observe that the expected value of information increases with 
the increase of the uncertainty reduction through the update. The intuition 
behind this property is the following: The posterior variance of the market 
requirement distribution decreases as the uncertainty reduction increases. 
A lower variance, however, results in a steeper expected payoff function 
and thus, increases the improvement region for any observable signal. The 
discrepancy between the optimal adjusted managerial policy and the one 
based on the prior distribution increases. Since this property holds for any 
signal, this effect is additive and the expected value of information has the 
described property. Simultaneously and as proposed above, it is apparent 
that the expected value of the update decreases for any specific market re- 
quirement variance structure if the information update is postponed by one 
period (Table 5.9). 

In absence of any updating cost, i.e., 7t = 0 for all f = 1, . . . , T — 1, 
the former property of an increase in the expected value of information 
for a postponement of the updating point in time t, holds, for the just de- 
scribed reasons, also for the expected project value V^{x) (Proposition 4.9). 
Table 5.10 shows this increase of the expected project value over various 
uncertainty structures for the above described project setting. Note that in 
contrast to the expected value of information, the expected project value 
does not necessarily decrease if the uncertainty reduction increases. Based 
on its definition, V7^(x) determines the value of the development project in 
expectation of a later update with an a priori symmetrically distributed sig- 
nal z. It therefore simultaneously considers mean and variance effects. But 
based on the consideration in Section 5. 2. 1.2, it is obvious that this does in 
expectation not always result in a monotonous pattern of the project value 
if the variance is varied over the feasible range. This effect especially occurs 
for late updating points in time (e.g., for an update at stage t = 4 or t = 5 
in the considered example) when management has only very few stages left 
to respond to the information gain with appropriate counter measures. For 
certain updating points in time, a lower posterior variance may therefore 
result in a higher expected project value. This is, however, no contradiction 
to the results derived above since the uncertainty structure of the project is 
given and thus, an exogenous variable. 

This leaves us with the remaining issue regarding the a priori optimal 
updating point in time. We assumed, in compliance with other models of 
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Table 5.10. Expected project value for different updating points in time {'yt = 0) 
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this type, that management has the possibility to obtain the additional in- 
formation to update its initial estimates at anytime during the development 
process; solely the costs for the signal vary over time. As explained in detail 
in Section 3.3.1, it is reasonable to assume in the context of new product de- 
velopment projects that the cost of information acquisition decreases over 
time. While the true performance requirements of the customers may be 
easily and inexpensively obtainable close to the launch of the product, it 
requires significantly higher resources to acquire the same information at 
earlier development periods provided that it is actually feasible. 

For the described development project of the power supply device, this 
issue turns out to be as follows. For most development projects in the semi- 
conductor industry, it is generally impossible to obtain a precise estimate of 
the customers' performance requirements at the start of a project. Since the 
development process of measurement devices, like the one considered here, 
is closely linked to the development of ifs applications, e.g., memory chips, 
the customers do not know themselves precisely two or three years prior to 
the launch of their own products which performance they will really need. 
Thus, an update of the prior market requirement estimates at the definition 
phase of the project is therefore infeasible and the updating costs have to be 
set accordingly. Just for ease of exposition in the subsequent figures, we pick 
a sufficiently large number of the updating cost of stage T = 1 that fulfill 
the condition ^ ^.g., 7i = 20 instead of setting it as infinity. 
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Table 5.11. Estimated updating costs 



Time t 1 2 3 4 5 

Updating cost 7f 20 18 6 3 1 



Once the customers have defined their own product specifications, the 
performance requirements become more precise. By tightly linking the de- 
velopment process with the R&D activities of key customers, it is gener- 
ally possible to accelerate the information gain about the performance re- 
quirements by providing them with appropriate prototypes earlier as ini- 
tially planned. This approach requires, however, significant additional re- 
sources in dependence of the desired acceleration. For the system-level de- 
sign phase, we assume that such an effort would require extra resources 
that equate the development cost of the subsequent development phase in 
addition to the current continuation cost of C 3 = 3, i.e., 72 = 18- 

In addition to these efforts, management can derive an update of the 
performance requirements also from similar products that are currently 
launched or announced. These market studies are generally at the second 
half of the development process a fairly precise and less expensive source 
of information. Thus, from the design phase on, this information acquisition 
approach can gradually be used instead. The utilization of this information 
source requires, however, an additional assumption in order to comply with 
the presented Bayesian updating formulation. Since these data are gener- 
ated from similar, but not the same product under consideration, we have 
to assume in this particular case that the sample variance reflects uncer- 
tainty about both the variance about the performance requirements between 
the different customers as well as the use of data from similar, but not the 
same product as an information source to update the initial estimates.^® In 
our example, this assumption has, however, no implications for the sample 
variance since the latter variance element is in comparison to the former 
relatively small and thus, negligible. The updating costs for the remaining 
development stages have been estimated as summarized in Table 5.11. 

The comparison of this cost structure with the previously determined ex- 
pected value of information for the different updating points in time shows 
that in the first two periods an update of the market performance require- 
ments is not valuable (see Fig. 5.14); the updating costs are significantly 
higher than the value that can be expected from an update at either one of 
the first two review points. But from stage t = 3 on, the expected value of 



^*^Iyer and Bergen (1997), for example, make a similar assumption for the uncer- 
tainty reduction in their Quick Response model. 
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information exceeds these costs and the acquisition of additional informa- 
tion yields an positive expected return on this investment for the company. 

The analysis of the expected project value under consideration of this 
estimated updating cost structure shows that the ideal updating point in 
time is T* = 4 (Table 5.12), which satisfies the necessary condition above, 
i.e., T* > T. It can be observed, however, that the difference between the 
expected value of information for an update at stage t = 3 and one that is 
conducted at t = 4 is very small which indicates a high sensitivity of the 
ideal updating point in time to the estimated updating cost structure. Due 
to this diminishing difference, one should consider to conduct the update 
(contrary to this result) already at stage T = 3, which allows management 
to obtain the updated market requirements earlier and hence, to respond 
accordingly to it. Whether the update is conducted at stage t = 3 or at 
T = 4, has, however, no impact on the optimal managerial policy in any 
state prior to the update (see Table 5.6). 

The result of the upfront analysis of the ideal updating point in time 
should therefore be regarded rather as a (rough) indicator at which phase of 
the development process the update should be conducted (or at least from 
which period on it will be beneficial to conduct it) than as a strict instruc- 
tion. Even if not the optimal updating point in time is found a priori, this ap- 
proach provides management with a basis for such a decision. In addition, 
the obtained insights from such an analysis allow management to adjust its 
optimal managerial response to this information and, as the discussion of 
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Table 5.12. Expected project value 



Updating point in time t 1 2 3 4 5 

Expected project value VjJ(O) 34.6 36.6 46.1 46.3 42.4 



the previous section revealed, avoid too high investments in performance 
improvements at early development stages. The developed valuation frame- 
work thus compensates for the shortcomings of the basic valuation model. 



5.3 Summary 

In this chapter, we have conducted a comparative static analysis based on 
a real-life investment project faced by a manufacturer of semiconductor test 
equipment. The data obtained from this on-going development project en- 
sured realistic dimensions of the different model parameters for the con- 
ducted analysis and simultaneously demonstrated the practical applicabil- 
ity of the model. Besides the illustration of the properties that have been 
derived in closed form in Chapter 4, we studied the impact of a general 
update, i.e., an update of both mean and variance, on the project value. It 
turned out that only a moderate mean increase can be compensated by a 
simultaneous variance reduction accordingly. If the mean shift is too large, 
either the project target has to be redefined or different counter measures 
have to be considered. 

The comparison of the optimal managerial policy derived with our 
model and the one proposed on the basis of the valuation framework devel- 
oped by Huchzermeier and Loch revealed that a later updating possibility 
has to be explicitly considered upfront. In expectation of a later update of 
the market performance requirements, it is generally optimal to exercise less 
options, i.e., to improve or abandon the project, prior to the update. The sim- 
ple strategy underlying the basic model of revising the managerial policy 
when new information becomes available does not adequately incorporate 
the updating possibility in the determination of the managerial policy. Thus, 
this approach may lead, on the one hand, to unnecessary investments in 
improvement while, on the other hand, to a precipitate abandonment of the 
project, albeit these actions are not optimal under consideration of the new 
information. 

Moreover, the numerical study revealed insights on the impact of an 
improvement cost reduction at a later stage at the expense of higher up- 
front investment costs. Up to the identified threshold value for this specific 
project, an investment in a more flexible design increases the project value. 
Finally, the analysis of the in expectation optimal updating point in time 
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allowed to determine the sensitivity of the derived result on the underlying 
model parameters. 




6 



Conclusion 



We have developed a decision model that allows to valuate the impact of 
information updating in new product development projects. This has been 
accomplished by integrating a general updating mechanism for market re- 
quirement information during the development process into a real options 
framework. Our approach allows to explicitly address two sources of un- 
certainty: firstly, technical uncertainty stemming from the performance vari- 
ability of the project and secondly, market uncertainty arising from perfor- 
mance requirement variability of the customers. While management can re- 
spond to the former uncertainty through appropriate counter measures, the 
latter can be reduced by updating the initial market requirement estimates 
with information obtained from additional market studies, for example. 

More precisely, in the presented real options model of Huchzermeier 
and Loch (2001), which served as the basis for our framework, management 
has at each review point of the development project the flexibility to re- 
act contingent on the reached technical performance state by choosing one 
of the following actions: continuing the project, improving it through in- 
vestments in additional resources, or abandoning it if the expected value of 
the other two actions does not justify the corresponding expenses. Although 
this framework values managerial flexibility in the presence of development 
uncertainty and thus, addresses the shortcomings of the traditional NPV 
methods, obtaining new information is regarded as a passive consequence 
of the project progression. The (active) acquisition of additional information 
is, as in most other real options frameworks, not explicitly considered. 

However, especially NPD projects are exposed to numerous sources of 
uncertainty forcing management to trade off between either an early, but in- 
expensive decision based on uncertain prior information or a postponement 
until more information becomes available at the expense of higher costs. Our 
approach to integrate an information updating mechanism into the above 
mentioned decision framework allows to address this issue by evaluating 
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its impact on the project value and hence, on the optimal managerial policy. 
Moreover, the value of additional information can explicitly be determined 
with this framework and the provided multidimensional model formula- 
tion ensures the practical applicability to NPD projects. The formal analysis 
of the model as well as the numerical study revealed insightful results that 
provide valuable contributions to the current research in this field. They are 
summarized below. 



6.1 Contribution to Current Research 

The typical investment decision process for a NPD project starts with its 
valuation based on the available information at that time, derived from fore- 
casts, similar or past projects, or expert judgment. If this initial assessment 
yields a positive option value, the project will be started. Although real op- 
tions frameworks, like the model of Huchzermeier and Loch (2001), take the 
managerial flexibility into account to respond to contingencies during the 
development process, they generally ignore the incorporation of additional 
information obtained at later stages. As our analysis has shown, however, 
such an updating possibility to reduce market uncertainty has substantial 
value as it affects the optimal execution of options. The strategy proposed 
by Santiago and Bifano (2005) of revising the initially determined optimal 
policy at each stage with the at that point in time available information does 
not adequately address this aspect. It corresponds to the above mentioned 
passive strategy, underlying most real options frameworks, of waiting un- 
til new information becomes available, which generally leads to an early 
execution of options although this strategy is suboptimal in expectation of 
a later update. Thus, the managerial policy determined on the basis of the 
former model leads to wrong decisions prior to the update and hence, to a 
lower project value. This result is therefore somewhat contrary to the result 
of the above mentioned authors. 

With the idea of integrating an information updating mechanism into a 
real options framework, the model is in line with some recently published 
frameworks that combine Bayesian analysis and real options concepts in 
a similar way (Miller and Park 2005; Armstrong et al. 2005). In contrast 
to our approach, these models primarily focus on the value of learning. In 
addition, they are relatively simple in their structure and do not address 
the specific characteristics of NPD projects. Our model formulation, on the 
contrary, takes these characteristics into account. Besides the common case 
of a sole mean update, it also allows for an update of the variance, and 
both, the mean and the variance. The consideration of these cases enhances 
the practical applicability of the valuation framework. Furthermore, the de- 
rived Bayesian updating mechanism builds upon the conjugate relationship 
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between the prior and the likelihood distribution, which is a more general 
and robust concept compared to the frequently (and often unreflectively) 
assumed bivariate normal relationship. 

It should be noted, however, that Bayesian analysis is just one possibility 
to model information updates for uncertainty reduction in decision prob- 
lems, which also has some limitations. Compared to other approaches, like 
time series analysis or similar frequentist approaches for example, Bayesian 
analysis relies on subjective estimates. Thus, a frequently criticized issue 
is the difficulty to determine an appropriate prior distribution that ade- 
quately reflects the available knowledge about the unknown parameter(s). 
In addition, Bayesian analysis requires that the unknown quantities can be 
described with probability distributions. Evidently, all inferences which are 
made from the combination of prior information with later observed data 
depend on the initial subjective beliefs. For example, the interpretation of 
the same available forecasts about market performance requirements by 
different experts could result in different prior estimates and hence, yield 
different conclusions and decisions (Miller and Park 2005). Nevertheless, 
such difficulties occur in any decision problem under uncertainty where as- 
sumptions have to be made due to the lack of sufficient information. On 
the contrary, the ability to formally combine prior information with other 
sources of information is one of the key advantages of the Bayesian ap- 
proach over the other, frequently applied updating methods. Moreover, it 
corresponds to the natural decision making process in most companies of 
having initially subjective estimates about uncertain outcomes of the project 
which are later revised and updated when new information becomes avail- 
able. As the numerical study has demonstrated, it is therefore well suited 
for decision making in development projects with high market requirement 
uncertainty, which applies to the largest fraction of such projects. 

All comparable decision models in the field of operations management 
that use a Bayesian method to update information, like the above cited 
Bayesian real options models or the Quick Response models in the area of 
supply chain management for example, are - to the best of our knowledge 
- one-dimensional. As Loch and Terwiesch (2005) claim, however, NPD 
projects are generally more complex so that the information exchange rarely 
exhibits the one-dimensional, ordered structure. To overcome this deficiency 
of the existing Bayesian updating models, we have also provided a multi- 
dimensional model formulation that allows to consider multiple product 
performance parameters. As it is sufficient for the derivation of the model 
properties to consider solely the more intuitive one-dimensional case, we 
maintained this perspective in the numerical study for ease of representa- 
tion. Despite the fact that the Bayesian updating formulation as well as the 
entire decision model becomes more complex in the multidimensional case, 
it is still manageable and applicable to real-life projects, especially if only 
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a well specified range of dimensions is considered. A focus on the two or 
three most important and decisive parameters should be sufficient for most 
projects. 

A comparable model for decision making in NPD projects based on pre- 
liminary information has only been provided by Loch and Terwiesch (2005) 
so far. They describe information structures in form of a sigma field that is 
refined over time. This approach allows to consider multiple dimensions of 
actions and outcomes. Although this model is very insightful and the first of 
its kind with a clear focus on NPD decision characteristics, it is not suited, 
as the authors stress themselves, to quantitatively support managerial deci- 
sions. With this respect, our model is the first that provides a decision and 
valuation framework for an information update on multiple parameters in 
a Bayesian manner and hence, overcomes the deficiencies of the existing 
frameworks regarding their general applicability to NPD project settings. 

With this approach, we are not only able to quantitatively determine 
the optimal managerial policy, but also to determine the value of such an 
information update. The value of additional information critically depends 
on the decision maker's managerial flexibility (Merkhofer 1977). Only if the 
firm has the possibility to react to new insights, e.g., changed performance 
requirements of key customers, the additional information is of substantial 
value. Without the possibility to respond, the value of information is dimin- 
ishing. While this coherency is well-known and its impact on the success of 
NPD projects has been empirically studied and validated (cf. e.g., Thomke 
1997; Upton 1995), hardly any measures exist to determine the exact value 
of such flexibility in the development process. With the developed frame- 
work, management can evaluate this flexibility and determine the thresh- 
old up to which investments in design flexibility for less expensive design 
changes at later stages are valuable. 

Thus, the developed decision model contributes to close this gap and 
reduces the frequently complained lack of quantitative models. With our 
framework, we address the needs identified in empirical studies for such 
models as well as the criticism raised by several authors in the field of 
operations management who claim the missing focus on product innovation 
and NPD project issues of the currently existing models. 



6.2 Managerial Implications 

The above discussed findings have clear managerial implications. In the 
following, we will summarize these insights in a set of managerial principles 
and discuss how they can be used by firms in order to improve decision 
making in their NPD projects. 
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Principle 1: Take an information updating possibility explicitly into account when 
valuing the project a priori. 

The possibility of a later update allows management to reduce market 
requirement uncertainty with information obtained from additional market 
studies, for example. Based on the updated beliefs about the customer re- 
quirements, management can revalue the project and adjust the previously 
determined optimal managerial actions accordingly. However, the later pos- 
sibility of responding to additional information affects the optimal man- 
agerial policy over the entire development process and hence, the optimal 
actions prior to the update. Thus, an information updating possibility at 
later development stages must always be explicitly taken into account when 
valuing the project. It represents from an option's point of view a value in 
itself (Armstrong et al. 2005; Miller and Park 2005) that, if neglected, leads 
to wrong managerial decisions and thus, to a lower overall project value. 
Principle 2: Exercise less managerial options prior to the additional information 
gain. 

This principle follows directly from the first one. The valuation of the 
project with the presented basic real options framework leads to invest- 
ments in performance improvements early in the development project when 
these actions are still inexpensive compared to later changes (cf. e.g., San- 
tiago and Bifano 2005; Huchzermeier and Loch 2001). In the presence of a 
later uncertainty reduction possibility, however, this strategy becomes sub- 
optimal. It leads to costly improvements as well as to a precipitate abandon- 
ment in low performance states of the project, albeit these actions are not 
the optimal choice under consideration of the actual market performance 
requirements. In expectation of a later updating possibility, it is generally 
optimal to exercise less managerial options prior to the update. This is con- 
sistent with the options intuition that in the presence of later options, the 
earlier option may be exercised less likely and hence, is less valuable than 
in isolation. As the market uncertainty is reduced after the update and man- 
agement knows thereafter more precisely which performance the customers 
will actually require at the time of the product launch, it is optimal to invest 
instead in appropriate counter measures after the information gain. 
Principle 3: Intermediate information is of substantial value, especially for projects 
with high market uncertainty. 

The analysis of our valuation framework has shown that the value of the 
information update increases with the amount of uncertainty that can be re- 
duced with it. This insight is in line with decision theory and corresponds 
to common intuition. Nevertheless, it has clear practical implications. In 
principle, the uncertainty reduction is independent of the prior variance. In 
practice, however, the reduction of an already very low prior uncertainty 
by a certain percentage will significantly be harder to achieve compared 
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to a high prior uncertainty level since a certain amount of uncertainty will 
always remain regardless of the available market studies and forecast meth- 
ods (cf. e.g., Beardsley and Mansfield 1978). Thus, management should con- 
sider an information update particularly for development projects with a 
high prior market requirement uncertainty. The upper limit for the expen- 
ditures to acquire additional information during the development process 
thereby depends on the determined expected value of information. How- 
ever, up to this amount, it is valuable to invest in additional information. 
In other words, investing more creates value. This result runs counter to 
financial option pricing theory intuition and contributes to better decision 
making in NPD projects with high uncertainty. 

Principle 4: Invest in development flexibility at late stages to increase the possibility 
to respond to the updated market requirements. 

The value of flexibility to respond to updated market information de- 
pends on the underlying development cost structure. The level of the im- 
provement costs in the remaining development stages determines whether 
it is valuable to invest in corrective actions in case of a requirement in- 
crease. We have shown that it is valuable to reduce later improvement costs 
at the expense of higher upfront investments. A similar finding is derived 
by Loch and Terwiesch (2005). They propose to change the cost structure 
of the project by influencing the task architecture in order to improve the 
response to preliminary information. This insight is also supported by Mac- 
Cormack and Verganti (2003) who empirically show that only projects with 
investments in design flexibility during the early development stages are 
likely to benefit from late design changes. 

Such flexibility can be achieved through an initially broader develop- 
ment architecture or a more modular design (Krishnan and Bhattacharya 
2002). Especially the latter is often regarded as an optimal strategy because 
it allows to independently adjust the components or subsystems to the re- 
quirement changes of the customers. This approach thus facilitates the cost 
reduction of design changes at late stages of the development process com- 
pared to traditional design architectures (Ulrich 1995; von Hippel 1990). 
But modularity also has its limits. Especially when new technologies are in- 
volved, very high degrees of design modularity in NPD projects generally 
reduce the system performance (Ethiraj and Levinthal 2004; Ulrich and El- 
lison 1999). Thus, a mix of appropriate measures should be selected in order 
to increase the development flexibility for the desired purpose. 

Principle 5: Implement effective information generation mechanisms to obtain reli- 
able market information early and inexpensively. 

The structure of the updating costs also determines the ideal updating 
point in time. We have shown that for - in terms of time value of money - 
constant updating costs, the expected project value as well as the expected 
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value of the information update decrease if the update of the market re- 
quirement distribution is postponed. The reason is that in case of such 
a postponement, management has less development stages left for taking 
appropriate counter measures to respond to the latest market requirement 
information. Thus, in this special case, it is optimal to update at the ear- 
liest feasible point in time. In all other cases, however, the ideal updating 
moment depends on the actual costs of obtaining additional information. 
It therefore decreases with a reduction of the information acquisition ex- 
penses. In other words, the lower the updating costs, the earlier the ideal 
updating point in time. Hence, besides having a flexible design and devel- 
opment process, management should focus on effective and cost efficient 
methods of information generation during the entire development process. 
Early customer integration through lead users, for example, or the evalua- 
tion of related products that have been recently launched in the market are 
effective means to obtain valuable information at the different development 
stages (cf. e.g., von Hippel 1986; Urban and von Hippel 1988). 



6.3 Possible Extensions and Future Research 

The presented model improves decision making under uncertainty in com- 
plex environments like the development of new products by combining two 
previously unlinked methodologies. This allows to determine the value as 
well as the implications of information updates on managerial decisions. 
Focusing on the setup of the model and the underlying assumptions that 
have been made in order to derive some general insights, the following 
extensions of the model appear to be promising for future research. 

One possible extension of the decision model would be to consider mul- 
tiple updating possibilities of the market requirement distribution during 
the development process. This extension is, from a Bayesian point of view, 
straightforward. The posterior distribution obtained after the first update 
becomes the prior distribution of the next updating period, which is then 
updated again with the information acquired during this stage, and so forth. 
The challenge is, however, on the decision making side. The information 
obtained during the first period determines the available information in the 
second one and hence, influences all related decisions. The determination 
of the ideal updating point in time therefore has to occur in a backward 
recursive manner relying on several assumptions regarding the potentially 
observable signals. If such assumptions are justifiable for the specific project 
setting, the model can provide valuable insights for management regarding 
the optimal timing of multiple information acquisitions and the optimal 
managerial response to the continuous information gain. 
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A possibility to further increase the practical applicability of the devel- 
oped framework would be to relax some of the underlying assumptions. In 
order to reduce the complexity for the analysis of the model and to prove 
some insights in closed form, we assumed that the performance variability 
is limited to one performance state. For practical applications of the model, 
however, any degree of performance variability could be integrated. In the 
same manner, additional corrective actions, like improvements by more than 
one performance level, could be considered in order to further investigate 
the impact of development flexibility on the project value in the presence 
of an updating possibility. This extension can be conducted independently 
of the performance variability adjustment if improvements are limited to 
whole performance levels. 

Although we grounded the base case of our numerical analysis on a 
real-life investment project, the data originated from an ongoing develop- 
ment project. Thus, an evaluation in retrospect was not possible. An ex post 
evaluation of the project at the different development stages with the at 
these points in time available information would be interesting in order to 
determine the full potential of our framework. Simultaneously, one could 
consider not only one performance parameter that determines the project 
payoff and hence, its value as in our case, but apply the developed multidi- 
mensional version of the model to a real-life project. As long as the different 
dimensions are independent of each other, all insights and managerial im- 
plications derived from the presented one-dimensional case remain their 
validity and can be applied. 

Very interesting, but more distant directions for future research would 
be to study managerial flexibility for several NPD projects in parallel or 
to incorporate externalities of information acquisition, like market interac- 
tions. The latter has been addressed, for example, by Grenadier (1999) who 
studies option exercise strategies with imperfect information where firms 
with asymmetric private information update their beliefs by observing each 
other's investment decisions. Future research could incorporate such dy- 
namics and limitations of the information acquisition and study their impli- 
cations on the strategic value of information updates in NPD projects. 

As product development gains in importance for most companies and 
the risk as well as the cost of NPD projects simultaneously increases, the 
need for such research will even grow. Hence, more quantitative models of 
fhe type developed here will be needed for further supporting managerial 
decision making and enhancing the management of uncertainty in NPD 
projects. 




A 



Statistical Distributions 



In the subsequent section, we provide a summary of the key statistical dis- 
tributions that are used throughout the thesis. All properties presented in 
Chapter 3 as well as the derived results presented in Chapter 4 and Chap- 
ter 5 are based on the density functions as defined below. We wiU limit this 
listing to the definition of the density function, the range of parameter val- 
ues, and its most interesting moments, (cf. Carlin and Louis 2000, p. 323 ff.) 



A.l Univariate Distributions 



A.l.l Normal - N{fi, cr^) 



A continuous random quantity X has a normal distribution with parameters 
p and (p S K, cr > 0) if its density function is 



/(x|fi,C-2) = 



: exp 



jx - }l)^ 
2(t2 



The mean and variance are E(X) = \i and Var{X) = respectively. 



(A.l) 



A.1.2 Gamma - G(a,/3) 

A continuous random quantity X has a gamma distribution with parameters 
a. and /3 (a > 0, > 0) if its density function is 

The mean and variance are E(X) = afi and Var{X) = respectively. 
Note that r(-) denotes the gamma function defined by 
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+ CX) 

r{oi)= j y'^“^e“3'dy , 

0 



a > 0. 



(A.3) 



A.1.3 Inverse Gamma - IG(a, j8) 

A continuous random quantity X has a inverse gamma distribution with pa- 
rameters a and ^ (a > 0, > 0) if its density function is 

f{x\a,B) = .---y . (A.4) 

r(a)^“x“+i ^ 

The mean and variance are 



Note: 1/X~ G(a,^). 



A.1.4 t (or Student's t) - St(y, tr^, a) 



A continuous random quantity X has a t distribution with location parameter 
y, scale parameter cr^, and a degrees of freedom (y € 5R, cr > 0, a > 0) if its 
density function is 



/(x|y,cr2,a) 



n(«+i)/2] 

o-y/^r{a(2) 




1 (x--^‘ 
a. 




The mean and variance are 



(A.5) 



E{X)^}i, ifa>l 

acr^ 

Var(X) — , if a > 2. 

^ ^ a-2 

A.2 Multivariate Distributions 

A.2.1 Multivariate Normal - Aifc(y,Z) 

A fc-dimensional, continuous random vector X = (Xi, ...,Xt)^ (x G 
has a multivariate normal distribution of dimension k, with mean vector 
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fi = {jii, . . . , and covariance matrix E, where m S 5R and E is a k x k 
symmetric, positive-definite matrix, if its density function is 



f(x\fi,E) = 






exp 



--(x-fiyE-\x-ji) 



(A.6) 



The mean vector and covariance matrix are E{X) = and Var[X) — E, 
respectively, where Var(Xi) = an and Cov{Xj,Xj) = Cij, so that E — (cr;y). 



A.2.2 Multivariate t - a) 

A fc-dimensional, continuous random vector X = (Xi, . . . {x £ 

has a multivariate t distribution of dimension k, with location vector fi — 
. . . , Hk)' , scale matrix E, and a degrees of freedom, where }ii € K, X is a 
k xk symmetric positive-definite matrix and a > 0, if its density function is 



f{x\x,ft,E) = 



r[{x + k)/2] 



{detEy/^{arc)^/^r{K/2) 






1 + -(;r- 
a 



■p)'E ^{x-}i) 



(A.7) 



The mean vector and covariance matrix are E(X) = ^ (if a > 1) and 
Var{X) = (xE)/ (a — 2) (if a > 2), respectively. 



A.2.3 Wishart - Wtfc(n,a) 

Let Xi, . . . , X„ be a random sample of fc-dimensional random vectors from 
a multivariate normal distribution with mean vector ji = 0 and ak xk co- 
variance matrix E. Ak xk symmetric, positive-definite matrix V of random 
quantities which is defined by the equation 

n 

V = ^X,X; (A.8) 

i=i 

has a Wishart distribution of dimension k, with parameter matrix fl and a 
degrees of freedom, where O is a k x k, symmetric, nonsingular matrix and 
a > A: — 1, if the density function of the fc(A: -|- l)/2 dimensional random 
vectors of the distinct variables Vjj is 



f{V\a,n) 






|y|(«-Jc-l)/2 

lnK/2 



• exp 



--fr(n-V) 



(A.9) 



166 A Statistical Distributions 



where fr( ) denotes the trace of a matrix argument and the constant c has 
the following form: 



The mean vector is E( V) = aO Further properties are 
Var{Vij) = a and Cov{VijV^i) = K{nn,Oji + duQj^). 

Note: The Wishart distribution is a multivariate generalization of the 
gamma distribution. 




-\ -1 



(A.10) 



B 



Supplement to Performance Variability Limitation 



Our information updating valuation model is based on the decision model 
of Huchzermeier and Loch (2001). Contrary to their model, we limit the 
variability of the product performance to N = 1. In the subsequent section, 
we will explain this limitation and its implication for our model in greater 
detail and prove the validity of applying the properties derived by Huchz- 
ermeier and Loch to our case. For reasons of consistency, we will apply our 
notation also to their properties and proofs. 

In their decision model, Huchzermeier and Loch generalize the perfor- 
mance variability to be spread over N states, i.e., the uncertainty of the 
development process at stage f, denoted by cot, is given as 



U)t 



2 with probability ^ 
- 2 with probability 



for i — 1, , N. 



(B.l) 



They claim in Proposition 1 (p. 91), amongst other properties of the 
value function, that the project value Vt{x) is convex-concave increasing 
in X if the payoff function n{x) is increasing in x as well. The proof 
of the corresponding lemma (Lemma 1, p. 99) is based on the argu- 
ment that + 1) ~ ^f+i(^)] increases and decreases in x since 

V(+i(x -F 1) — Vf+i(x) does so due to the described convex-concavity of 
Vt+\{x). In particular, they state that improvement is preferred over con- 
tinuation in state x iff 
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«t < [Vt+i{x + 1) - Vt+i{x)] 



N 



N(r + 1) ^ 
i=l 



P^t+l (^ + l + s) p)^t+l ( ^ + 1 



N(r+1)^L' 



N 

E 



P^f + l -(1-P)^t + 1 (X- 



(B.2) 



and - by the convex-concavity of Vf+i(x) - the right-hand side of Eq. B.2 
first increases and then decreases in x. 

However, Santiago and Vakili (2005) have shown that this has not nec- 
essarily to be the case. For certain cases, the difference function may have 
more than one maximum. The reason is that the average of several func- 
tion each of which first increases and then decreases does not necessarily 
have the increasing-decreasing property. This discrepancy, however, can be 
resolved by limiting the product performance variability to N = 1. In this 
special case namely, the argument from above holds, i.e.. 



Xt < 



1 i 
1 + r 

1 

. 

1 



[^t+i{x + 1) — P+i(x)] 
pVf+i -t- 1 -t- 0 - (1 - p)y,+i 
pVf+i (^x+ 0 - (1 - p)V,+i 





(B.3) 



since we now do not average over multiple functions anymore. Thus, the 
resulting averaged function has a single mode, i.e., is convex-concave in- 
creasing in X. 

Although this assumption limits the uncertainty of the development pro- 
cess (modeled by the described binomial distribution) and thus, abstracts 
from the performance variability occurring in most real-life projects, it does 
not confine the practical applicability of the model too much. For the ob- 
jective of our research, to combine real options valuation with Bayesian 
analysis and to study the resulting implications, the extent of the perfor- 
mance variability is circumstantial. In fact, the assumption allows us to re- 
duce the complexity of our information updating valuation model notice- 
ably and thus, enabling us to analyze the model with respect to the desired 
insights more generally. In addition and most of all, all other properties of 
the Huchzermeier and Loch model, in particular the property of the market 
performance variability, remain valid due to this limitation, which allow us 
to prove some of our findings in closed form and explain some numerical 
results more plausibly. However, for the sole purpose of an application to a 
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real-life development project, the performance spread over more than N = 1 
states can be easily integrated. 



c 



Supplement to Mean- Variance Update 



In the following, we will illustrate the density functions of the simultane- 
ous mean-variance updating example presented in Section 3. 2.4. 2. We will 
hereby present the prior as well as the posterior distribution of the marginal 
probability density functions of 1) the market requirement mean d, 2) the 
market requirement variance and 3) the market performance require- 
ment d. 



Table C.l. Parameters of prior distribution 



Parameter Value 


oc 


2.8 




0.28 


F 


0 


V 


1 



Table C.l specifies the parameters of the prior distributions based on the 
following given estimated moments of the unknown mean 6 and unknown 
variance E(0) = 0, Var(6) = 2, E(cr^) = 3, and Var{cr^) = 2. 

The corresponding prior marginal density distributions the unknown 
mean 6, 7ri{0) = St and the unknown variance cr^, TCi(cf^) — 

IG{cr^\a, IS), are as plotted in Fig. C.l and Fig. C.2. Fig. C.3 presents the cor- 
responding prior marginal density distribution of the market performance 
requirement, m{d) — St (^d\}i, 
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Market requirement mean 6 



Fig. c.i. Prior marginal density distribution of mean 




Fig. C.2. Prior marginal density distribution of variance 
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Market requirement d 



Fig. C.3. Prior marginal density distribution of market requirement 



These initial estimates of the market requirement mean and the variance 
are updated based on the insights obtained from a follow-up study. As as- 
sumed in the example of Section 3. 2. 4. 2, this study reveals a signal mean 
of cf = 1.5 with a variance of ~ ^ = 2, i.e., z = N(1.5;2), based 

on a sample size of w = 6. With this information, we can determine the 
parameters of the posterior distribution as specified in Table C.2. 



Table C.2. Parameters of posterior distribution for various sample sizes 







Value 




Parameter n = 6 n = 1 


n = 10 


a' 


11.6 


3.3 


7.8 


/5' 


0.18 


0.19 


0.18 


P' 


1.29 


0.75 


1.36 



To illustrate the impact of the sample size n, we additionally determine 
the parameters of the posterior market requirement distribution for samples 
with a size of n = 1 and n = 10 (all other signal parameters remain con- 
stant). Table C.3 finally shows the corresponding moments of the posterior 
marginal density distributions for the mean and the variance. 

Based on the above derived parameters of these posterior distribu- 
tions, we can determine the marginal density function of the posterior 
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Table C.3. Moments of posterior distribution for various signals 









Value 




Unknown parameter Moment 


n = 6 M = 1 


n = 10 


Mean 9 


E{9\z) 


1.29 


0.75 


1.36 




Var{6\z) 


0.17 


1.12 


0.08 




E(a^\z) 


1.16 


2.25 


0.83 


Variance cr^ 


0.35 


3.89 


0.12 


Var(iT^\z) 



mean, i.e., ni{9\z) — Sf ( [(n + i)(a + ,2a + n), as well as 



of the posterior variance, i.e., 7r2(cr^|z) = lG[cr^\oc+ Fig. C.4 and 

Fig. C.5 plot the corresponding distributions for the signal with sample 
size n = 6. The resulting posterior marginal density function of the mar- 
ket performance requirement, depicted in Fig. C.6, is given as m{d\z) — 



St d\ji', 



{v l+n)(a:+g)^' 
v-l+)i+l 



-1 



, 2a -|- fi I . We can see that the larger the sam- 



ple size n, the more weight is on the signal, and thus, the sample and the 
posterior mean converge. In other words, with an increasing sample size 
the posterior mean draws nearer to the mean of the signal. Note that the 
posterior variance simultaneously decreases. 



7t(0|z) 




Market requirement mean d 



Fig. C.4. Posterior marginal density distribution of mean 
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Fig. C.5. Posterior marginal density distribution of variance 




Market requirement d 



Fig. C.6. Posterior marginal density distribution of market requirement 



D 



Program Listing 



In the following section, we provide the MATLAB code of the stochastic dy- 
namic programs applied in Chapter 5 to run the numerical experiments for 
the comparative static analysis. We limit the listing to the definition of the 
variables and parameters as well as the algorithms for the determination 
of the different project values. Depending on the desired analysis, the sub- 
sequent algorithms allow to determine the project value, posterior project 
value, and the expected project value as well as the corresponding manage- 
rial policies and the (expected) value of information.^ 



D.l Project Value 

This algorithm allows to determine the project value in absence of any up- 
dating possibility as defined in Section 3.1. 



^Note that contrary to our hitherto applied notation, starting point of the project 
is t = 1 since MATLAB cannot deal with variables starting with 0th component. The 
same holds true for the performance state x. 
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D.2 Posterior Project Value 

This algorithm allows to determine the posterior project value based on an 
update of the market requirement mean. The prior project value is hereby 
determined with the algorithm presented in Appendix D.l. 
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AV=zeros (T+2 , T+1 ) ; % Prior managerial policy 

EV=zeros (T+2 , T+l ) ; % Posterior project value Vt{x,z 

EAV=zeros (T+2 , T+1 ) ; % Posterior managerial policy a 



PV=zeros (T+2 , T+1 ) ; % Posterior project value based on prior managerial policy 

IV=zeros (T+2 , T+1 ) ; % Value of information Vf[x,z) 
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This algorithm allows to determine the project value in expectation of a 
later update of the market requirement mean at different points in time, 
i.e., T = 2, . . . , T — 1. The prior project value is hereby determined with the 
algorithm presented in Appendix D.l. 
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PV { i , t-l , a, ut , counter) = ( ( PV (i-1 , t , a , ut , counter) +PV { i , t , a , ut , counter) ) // 

(2 * ( 1+r ) ) -contcost ( t-l ) -impcost ( t-l ) ) ; 

IV ( i , t-l , a , ut , counter) =EV ( i , t-l , a, ut , counter) -PV ( i , t-l , a , ut , counter) ; 



(2* ( 1+r ) ) -contcost ( t-1 ) ) ; 
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